A STATISTICAL ASSESSMENT TOOL FOR
ELECTRICITY DISTRIBUTION NETWORKS

CARDIFF

UNIVERSITY

PRIFYSGOL

(AFRDY®D

Sathsara Abeysinghe
Institute of Energy, School of Engineering

Cardiff University

A thesis submitted for the degree of
Doctor of Philosophy

March 31, 2018



ACKNOWLEDGEMENTS

This thesis would not have been possible without the support of many individuals. First and
foremost, | offer my sincerest gratitude to my supervisor, Professor Jianzhong Wu, for his
tremendous support, guidance and patience throughout my research study. | deeply appreciate

the moral support and the freedom he gave me, to move on during the most difficult times.

| gratefully acknowledge the funding received towards my PhD and the internship opportunity |
received from the Toshiba TRL, Bristol, UK. Many thanks to my industrial supervisor, Professor

Mahesh Sooriyabandara for all his support and encouragement.

My deepest appreciation goes to Professor Nick Jenkins and Professor Janaka Ekanayake, whose
advice and scientific guidance helped me greatly in conducting my research. | would also like to

thank Dr. Meysam and Dr. Carlos for their input and feedback for my research.

A special thank you to Dr. Xu Tao, Professor Chengshan Wang, Professor Hongjie Jia and to all
other Chinese friends | met in Tianjin, for making those five months of data collection in China

all the more interesting.

| would like to thank, Dr. Orestis Georgiu and Dr. Aftab Khan for their support during the

internship time in Toshiba TRL.

I’'m also thankful to Miss. Qi Qi for her hard work and patience during our collaboration work.

| will always be grateful to Dr. Muditha Abeysekera for his support in proofreading my thesis and

also for suggesting many improvements to the content.

To my friend Rui Dantas, thank you for listening, offering me advice, and supporting me through
this entire process. | thank all my friends and colleagues who helped in many ways during these

four years in Cardiff.

A heartfelt thank you to my Mother, Father and Sisters for always believing in me and
encouraging me to follow my dreams. Finally, a special thank you to Krzysztof, who has been by
my side believing in me and always showing how proud he is of me. Your support during the

final stages of this PhD. helped me greatly. Thank you.



DECLARATION

This work has not been submitted in substance for any other degree or award at this or any
other university or place of learning, nor is being submitted concurrently in candidature for any

degree or other award.

SIiBNE .o (candidate) DAte coeveeeeve s

This thesis is being submitted in partial fulfillment of the requirements for the degree of PhD.

SIBNEM .o (candidate) DAte c.oceceeeeeeeee e

This thesis is the result of my own independent work/investigation, except where otherwise
stated, and the thesis has not been edited by a third party beyond what is permitted by Cardiff
University’s Policy on the Use of Third Party Editors by Research Degree Students. Other sources

are acknowledged by explicit references. The views expressed are my own.

Signed .....ccvevee e (candidate) DAte ceveeeeeeereceeceeeererrereree e e

| hereby give consent for my thesis, if accepted, to be available online in the University’s Open
Access repository and for inter-library loan, and for the title and summary to be made available

to outside organizations.

SIBNEM .o (candidate) DAte c.ocveceeeeeeeeee e



ABSTRACT

With a large penetration of low carbon technologies (LCTs) (E.g. solar photovoltaics, wind
turbines and electric vehicles) at medium voltage and low voltage levels, electricity distribution
networks (EDNs) are undergoing rapid changes. Research has been carried out to analyse and
quantify the impacts of LCTs on EDNs. Most of these previous studies are based on either real
or synthetic network samples. The results and conclusions derived from these studies have
limited applicability to other networks, thus making it difficult to arrive at generalised and robust
conclusions on the impact of LCTs on EDNs. One of the main reasons for using a case study or

synthetic networks in research is limited accessibility to real-world network data.

To bridge this research gap, the rationale and the development of a network modelling tool that
can generate random-realistic representations of different types (sub-urban/urban) of EDNs in
aiding statistical analysis of the power networks is presented in this thesis. The ability to
generate ensembles of statistically-similar distribution networks is one of the key properties of
the proposed tool. Statistically-similar distribution networks are a set networks with a similar
set of topological and electrical properties as defined by the user with some given values or

ranges of values. As part of this thesis four key contributions are presented.

(i) An investigation of the topological properties of real-world EDNs: The key topological
properties that characterise different types of EDNs were identified and quantified. A novel
depth dependent approach was developed to investigate the network topologies.

(i) An investigation of electrical properties of real-world EDNs: The key electrical properties
that characterise different types of EDNs were identified and quantified. A novel depth
dependent approach was developed to investigate the electrical properties of EDNs.

(iii) Development of a statistically-similar networks generator (SSNG): A SSNG was developed
as a data driven model. Real-world network properties as characterised by the previous
topological and electrical investigations and the corresponding network planning and
design guidelines were used in the development of the SSNG.

(iv) The application of the SSNG to analyse the impacts of soft open points (SOPs) on EDNs: A
statistical analysis of the impact of Soft Open Points (SOPs) on a set of statistical-similar

EDNs with variable distributed generation penetration was presented.

The developed SSNG has been validated through a statistical analysis of the impact of SOPs, and
the results showed that the SSNG is able to provide robust and generalised conclusions on

distribution network studies.
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Chapter 1: Introduction

1.1 Background

The electrical power system is one of the most critical infrastructures of a country. Traditional
power systems usually consist of large centralized power generation units connected to the High
Voltage (HV) grid, which produce electric power mostly by burning fossil fuels. But, the modern
power systems have become more decentralized due to the large penetration levels of
renewable power generation (e.g. Solar photovoltaics (PV), wind, hydro and tidal power) and
other distributed energy resources (DER) (e.g. Battery storage, Electric vehicles (EV)), which are
mainly connected to the power grid at Medium Voltage (MV) and Low Voltage (LV) levels. These

transformations are mainly driven by:

(i) policy goals to achieve energy and climate change objectives by reducing greenhouse
gas emissions [1], [2], and

(ii) the challenges imposed by depletion of fossil fuel reserves.

Technologies such as renewable power generation and DERs that help to reduce greenhouse
gas emissions belong to Low Carbon Technologies (LCTs). With the increasing integration levels
of LCTs at the MV and LV levels, electricity distribution networks are of increasing importance in

modern power systems.



1.2 Analysing uncertainties in electricity distribution networks

1.2.1 Uncertainties in electricity distribution networks

The effective integration of the LCTs into the existing distribution networks requires significant
changes of the technical, regulatory and commercial arrangements in the current systems.
These changes have led to many techno-socio-economic uncertainties in the electricity
distribution systems. In general, the various sources of uncertainties in electrical power systems

can be summarised as shown in the Figure 1.1.

Network Network topology, parameters and settings, etc. ( E.g. thermal ratings, tap settings, line outage)

Generation availability, intermittency of renewable generations, location of the generators,

Generation
unplanned outages, etc.

Load Spatial and temporal variations of the load, type of the loads and composition, etc.

Communication Noise, measurement errors, time delays, loss of signals, etc.

' ™
Economic New tariffs, Inflation rates, economic growth, market interdependencies, etc.
parameters
. vy
Policies Government regulations, etc.

Figure 1.1: Sources of uncertainties in electrical power networks.

Due to the integration of new LCTs, significant levels of technical uncertainties are introduced
to the electricity distribution networks by the changes in network configurations, variations in
electricity generation and load demands. In addition, socio-economic uncertainties such as,
uncertainties in policy commitment and support for decarbonisation in energy sectors,
uncertainties in economic and financial viability, future costs, market conditions and public
acceptance of the new LCTs are also associated with the integration of LCTs in the distribution

networks [3].



Therefore, it is important to identify effective tools and methodologies to understand (i.e.
analyse and quantify), manage and mitigate these uncertainties associated with LCTs in the

distribution networks for operational/strategic decision-making and policy support.

1.2.2 Methods of uncertainty assessment and modelling in electricity
distribution networks

Much research has been carried out worldwide to model, analyse and quantify the uncertainties
associated with LCTs on electricity distribution networks. The methods used in previous research

can be categorised as shown in Figure 1.2.

Many previous studies on the impact assessment and modelling of LCTs have been deterministic
in approach, capturing the uncertainties using scenario or sensitivity-based analysis [4], [5], [6].
These deterministic methods do not consider the probabilistic nature of the system behaviour
or parameters and provide deterministic solutions in the presence of uncertainties. The worst-
case scenario analysis is a commonly used deterministic method for making decisions in the face

of uncertainties.

In addition to the deterministic studies, a number of previous research on distribution networks
have considered the probabilistic behaviour of system parameters, e.g. variation of demand and
generation, probability of component failures, etc. [7], [8], [9]. The probabilities of the
occurrence of an event in the distribution networks are recognised using probabilistic studies in

order to support decision making activities in the distribution systems.

On the other hand, data driven modelling techniques are gaining popularity to study
uncertainties in many scientific disciplines in the recent years. Through collecting, summarising,
analysing and interpreting a large amount of numerical data, rules can be derived to predict the

behaviour of real systems in the face of uncertainties.



Methods used to model, analyse and quantify the uncertainties associated with LCTs on electricity distribution networks ]

[ Deterministic methods Probabilistic methods Statistical methods ]

Probabilistic nature of system behaviour or
parameters (E.g. Consumer demands,
components failures) are considered. Likelihood
or probability of the occurrence of an event can
be recognised.

All the input data is known beforehand. Events
are completely predetermined. Once the system
is known, for a particular set of inputs the same
set of output results are produced.

Methods of collecting, summarising, analysing
and interpreting variable numerical data.

Relates observed statistical data to theoretical
models such as PDFs or models used in
regression analysis.

1 Scenario based Sensitivity analysis | | Numerical/ .

| hod | . . Analytical

! methods methods simulation methods Rules can be derived from a large number of
‘ methods similar events (based on experience).
Recognise the factors Vary the values of one Substitutes a chosen Analyses a system A great number of similar events hold

. that may combine in

or more parameters

number of values for

and its inputs using

. different ways to from the baseline the stochastic variables mathematical
| create unforeseen values and monitor and parameters of the  expressions, e.g.
futures. the uncertainty of the system model and Probability  Density
output of the system. performs a Functions (PDFs),
deterministic  analysis and obtains results
for each value so that also in terms of

the same number of
values are obtained in
the results. E.g. Monte-
Carlo simulations.

mathematical
expressions.

experiential values.

Hybrid methods
(Use methods from above two or more categories)

Figure 1.2: Methods used to model, analyse and quantify the uncertainties associated with LCTs on electricity distribution networks.




So far, these kinds of data driven models with relevant to the impact assessment studies of LCTs
are largely used in the applications such as, predicting intermittent renewable generation,

recognising EV charging patterns and demand forecasting.

The hybrid methods, which use methods from above two or more categories are usually more
comprehensive in approach and better decision support is provided than the individual

methods.

1.2.3 Challenges associated with existing uncertainty assessment and
modelling methods and research gaps

A major challenge for the government and industry is to assess the impact of new LCTs on
electrical power systems and make robust decision in the face of significant uncertainties. For
example, it is important for policy makers to be able to characterise and quantify how differently

the urban and rural networks perform with different integration levels of a new LCT.

However, most of the above deterministic and probabilistic studies are conducted on real
network samples [4], [6], standard synthetic networks such as the IEEE test cases [7], [10] or
other representative test networks [11]. As a result, most reported analysis in the literature is
only useful for evaluating a specific test case and conclusions made from such studies have

limited applicability to other networks.

A few researchers have identified the need of data driven/statistical studies to support the
decision making activities based on impact assessment studies on a large number of realistic
electricity networks [12], [13], [14], [15]. This kind of decision making approach on uncertainty
assessment studies of power networks, is more robust compared to the decision-making

approaches based on the case study networks.



For example, a large-scale network model based on fractal generation is used to generate LV
and MV networks in [14], [15]. This fractal networks generator has been developed using a
bottom-up approach where, the network generation has done by first, generating the realistic
consumer distributions and then, by connecting the consumer locations to obtain the network
topologies. The networks generated by the fractal generating tool do not correspond to any real
networks but are capable to realistically mimic typical network characteristics of distribution
networks of Great Britain (GB), thus allowing more general and strategic conclusions to be drawn
with respect to case studies on specific networks. In [12] and [13], the impact of PV generation
and EV integration is assessed on a complete distribution system of a single utility in New
Zealand. Nevertheless, each distribution network is different, this kind of studies help to identify

the common behaviours of different types (urban, sub-urban and rural) of distribution networks.

However, it is challenging to obtain detailed data from a large number of real networks, to carry
out these simulation studies. In most cases access to the real-world network data is very limited.
Many researchers spend a large amount of time searching for real network data and cleaning
the data. On the other hand, the number of available representative test networks such as the
IEEE test cases and the test cases from UK generic distribution system (UKGDS), are also limited

to carry out statistical studies on different types of distribution networks.

Other than the aforementioned fractal networks generator for GB electricity distribution
networks, comprehensive statistical network generating tools for distribution networks were
not found in the open literature. The characteristics of distribution networks are different from
country to country and region to region. Hence more statistical network generation tools
supported by large amount of real world network data are required, to support strategic and

robust decision making on the distribution networks studies.



1.3 Objectives, scope and the idea of the research

The aim of this thesis is to present the rationale and development of a network modelling tool
with the ability of generating a large number of random, realistic models of electricity
distribution networks and demonstrate how such a tool can be used to analyse the risks and
benefits associated with LCTs in order to support decision making. The overall concept of the

tool is illustrated in Figure 1.3.

Input Data
*  Network type (E.g. urban or sub-urban.)

*  Number of nodes in the network
(substations, busbars, switching points, ( Statistically-similar networks

Connect new low carbon

etc.) generator (SSNG) technologies to the networks

*  Capacity of the main supply transformer

(in MVA)
*  Number of outgoing feeders from the
main supply transformer

2 | 5 | = .

Perform Load
flow

calculations,
optimisation
studies, etc.

An ensemble of statistically-

1

1

i - Graph

E similar networks with =l
1

1

1

Results

ST——

different network layouts

Figure 1.3: The concept of the network assessment tool.

Statistically-Similar Networks Generator (SSNG) is the main element of the proposed tool. With
a give set of input data, the SSNG is capable of generating a user defined number of ‘statistically-
similar’ networks. Statistically-similar distribution networks are a set networks with a similar set
of topological and electrical properties as defined by the user with some given values or ranges

of values.

The generation of multiple representations for the same real-world network (i.e. in this case,
electrical power network) has always been problematic in network modelling. A single
representation might not capture all the diverse characteristics of a real network. Therefore, the
ability to generate statistically-similar many networks to represent an electricity distribution

network is one of the key features of the proposed tool.



The network modelling and simulation tool proposed in this thesis is named ‘A statistical
assessment tool for distribution networks’ for the reason that, the conclusions about the
impacts of LCTs on distribution networks are now derived from the statistical studies conducted

on a large number of statistically-similar networks.

The main difference between the fractal networks generator and the networks generator
presented in this thesis is that, the later uses a top-down approach for the network generation.
In the top down approach, the networks generation is based on the graph related topological
properties and electrical properties of the real-world networks without going into the details of

the actual/realistic geographical location/distribution of the individual consumers.

In order to develop the aforementioned network assessment tool, this thesis set out to achieve

the following objectives.

(i) To review the statistical studies on power networks and to identify the available
statistical network modelling tools, compare them and identify their limitations.

(i) To investigate the topological and electrical properties of real world electricity
distribution networks and identify and quantify the key features that characterise
different types of distribution networks.

(iii) To develop a statistically-similar networks generator for electricity distribution
networks.

(iv) To demonstrate the application of the SSNG tool - Analyse the impacts of Soft Open

Points (SOPs) on electricity distribution networks with variable levels of DG penetration.



1.4 Thesis outline

The structure of the thesis follows the research objectives and has seven main chapters. The

structure of the thesis is shown in Figure 1.4.

Chapter 3 Chapter 4

Investigation of topological properties of
the real-world distribution networks

Investigation of electrical properties of the
real-world distribution networks

' Chapter 5 |
|
Development of the Statistical ly-Similar Networks Generator [S5NG) |
|
|

— Generation of statis tically-similar distribution network topologies ——T—

v

Generation of realistic electrical parameter settings for distribution network
topologies
¥
Validation of the S5NG

F A Y

Chapter 6
Analyse the benefits of Soft Open Points (SOP) on distribution netwaorks

Generation af statis tically-similar netwaorks using 55NG

v

Analyse the benefits of Soft Open Points (SOP) on distribution networks using the
statistically-similar networks

Figure 1.4: The thesis structure.

Chapter 2 first provides a background on the different type of decisions to be made in power
systems planning, design and operation relative to the level of decision stakes and the level of
uncertainties. A review of the literature on impact assessment studies of LCTs on distribution

networks including the different methods of analysing uncertainties in the electrical power



networks is presented. The statistical studies conducted on electrical power networks and
various network models and network generating tools available for modelling the electrical

power networks are also reviewed.

In Chapter 3, an investigation of the topological properties of the real-world networks is
conducted using the network data which was collected from China, covering urban and sub-
urban areas. The key topological properties that characterize different types (urban and sub-

urban) of distribution networks are identified and quantified.

In Chapter 4, electrical properties of the real-world networks are studied using the same
network data which was collected from China, covering urban and sub-urban areas. The key
electrical properties that characterize different types (urban and sub-urban) of distribution

networks were identified and quantified.

In Chapter 5, the development process of a Statically-Similar Networks Generator is presented.
The input parameters required for the generation of realistic distribution networks are taken
from the investigations of topological and electrical properties which were conducted in the
Chapters 3 and 4 respectively. The guidelines for planning and design of the real-world
distribution networks are also employed in the process of SSNG development. First, the
methodology to generate statistically similar network topologies is presented. Then the
procedure to generate realistic electrical parameter settings for the distribution network
topologies is presented. Validation of the SSNG model is done by comparing the performance

and properties of the generated statistically-similar networks with a real-world network sample.

Finally, in Chapter 6, the impacts of Soft Open Points (SOPs) on the distribution networks are

analysed and quantified using a set of statistically-similar distribution networks that are
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generated by the SSNG. General conclusions are derived on the impact of SOPs on the selected

type of distribution network through a statistical study.

The conclusions and possible future work are summarised in Chapter 7. The limitations of the

present work are also discussed.
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1.5 Contributions of the research and publications

1.5.1 Contributions of the research

The contributions of this thesis are as follows.

An investigation of the topological properties of real-world electricity distribution
networks using the techniques in complex networks theory and graph theory is
presented. The key topological properties that characterise different types of electricity
distribution networks were identified and quantified. A novel depth dependent

approach was developed to investigate the network topologies.

An investigation of electrical properties of real-world electricity distribution networks is
presented and the key electrical properties that characterise different types of
electricity distribution networks were identified and quantified. A novel depth
dependent approach was developed to investigate the electrical properties of the

distribution networks.

A data driven model based statistically-similar networks generator (SSNG) for electricity
distribution networks was developed. Real-world network properties as characterised
by the above topological and electrical investigations and the corresponding network

planning and design guidelines were used in the development of the SSNG.

A statistical analysis of the impact of Soft Open Points (SOPs) on electricity distribution
networks with variable distributed generation penetration was presented on a set of
statistical-similar distribution network models. General conclusions were derived about

the impact of the SOPs on the type of electricity distribution networks under study.
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1.5.2 Publications

The following papers are published with relevant to the work described in this thesis.

Sathsara Abeysinghe, Jianzhong Wu, Mahesh Sooriyabandara, Muditha Abeysekera, Tao
Xu, Chengshan Wang "Topological properties of electricity distribution networks”, In
Applied Energy, 2017, ISSN 0306-2619.

Sathsara Abeysinghe, lJianzhong Wu, and Mahesh Sooriyabandara, "Statistical
Assessment Tool for Electricity Distribution Networks," Energy Procedia, Volume 105,
May 2017, Pages 2595 — 2600.

Sathsara Abeysinghe, Silviu Nistor, Jianzhong Wu, Mahesh Sooriyabandara, “Impact of
Electrolysis on the Connection of Distributed Generation”, Energy Procedia, Volume 75,

August 2015, Pages 1159-1164.
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Chapter 2: Literature review

2.1 Introduction

Dealing with uncertainties in the electrical power networks has always been one of the main
concerns of decision makers including policy makers, system operators and industry
stakeholders. This chapter first provides a background on the different type of decisions to be
made in power systems planning, design and operation relative to the level of decision stakes

and the level of uncertainties.

With a large number of LCTs connecting at the MV and LV levels, making robust decisions under
uncertainties at the distribution levels of the power networks has become more challenging.
Thus, the present study has focused on investigating the methods and tools available to support
robust decision making on the impacts of LCTs on distribution networks. A review of the

literature on impact assessment studies of LCTs on distribution networks is presented.

The importance of statistical studies on power networks and statistical modelling of power
networks to support robust decision making have been identified. The existing literature on
analyzing statistical properties of power networks and various methods and tools available for

modelling the electrical power networks are also reviewed.

2.2 Decision making in electrical power systems

In the context of power system planning, design and operation, different types of decisions are
involved. Figure 2.1 illustrates the use of Funtowicz and Ravetz (1990) model adapted to
understand uncertainties in the energy systems [16]. The model classifies type of decisions to

be made in problem solving relative to the level of decision stakes and the level of uncertainty.
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Figure 2.1: Types of decisions to be made in power system studies relative to the level of
decision stakes and the level of uncertainty [16].

Different types of decisions involved in power systems studies are explained below.

e Operational decisions

Low system uncertainties, describe a situation where uncertainties are at the plant/network
level and low decision stakes (operational decisions) describe decisions that are usually
applicable to a single operator [16]. In operational level decisions there is little concern about
the long-term impact and the concern is mostly on the short-term operation of a given system.
For instance, decisions about how much energy to be produced by the system to meet the end
user demand is an operational decision. Such operational level decisions are supported by
optimization and simulation models where the given system is analyzed/optimized in various

possible configurations and under different scenarios [17].

e Tactical decisions

Tactical decisions are mostly medium-term decisions that can prepare the system for strategic
changes. For example, if the energy demand of a region is expected to grow significant

investments on the power supply system will be needed. Integration of new renewable
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generators can be a potential solution. Such tactical decisions require an analysis of what
implications each relevant alternative may have on the local power system and on the local
community [17]. These decisions exist at the methodological level and often require more than
one model to assess the uncertainties and several decision makers with multiple, conflicting
criteria are involved. As a result, tactical decisions can be informed, but cannot be solved, by

operational level techniques [16].

e Strategic and policy level decisions

Strategic and policy level decision making is a complex process and encompasses high levels of
uncertainties over medium and long term, inputs from various stakeholders and massive
investments. In general, it is difficult to structure and model the all these factors that may
involve at this level of the decision making. However, all possible implications that may affect
the future of society and the environment must be considered in the process. Tactical and
operational level analysis can be used to inform strategic and policy level decisions up to some

extent [16], [17].

With high penetration levels of LCTs at the distribution levels of the power networks, it is
important to identify the methods and tools that can support robust decisions making in the

power system studies at operational, tactical, strategic and policy levels.

2.3 Impact assessment studies of LCTs on distribution networks -
Areview

Table 2.1 provides a literature review of the uncertainty assessment and modelling studies of
LCTs that have been conducted on electricity distribution networks. The details of the
uncertainties analyzed/optimized, the number of networks and the type of the networks used

in the study, the methods used for the uncertainty assessment and modelling are compared.
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In general, the focus of these studies has been on the analysis of technical and economic
challenges of the integration of new LCTs, evaluation of hosting capacity of DG, investigation of
negative impact mitigation options of LCTs and sizing of the devices that will be used for negative

impact mitigation in the distribution networks.

According to the review in Table 2.1, most of the studies in literature on the impact assessment
of LCTs have focused on one or few real or synthetic network samples. A few studies which have
been conducted on a very large amount of realistic/real-world network samples are identified

[12], [13].
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Table 2.1: A literature review of the uncertainty assessment and modelling studies of LCTs on distribution networks

Ref. LCT Uncertainties Case study networks used Methods used for uncertainty assessment and modelling
[4] Solar PV Voltage magnitude, unbalance A residential LV network in A deterministic study. Sensitivity analysis with varying PV
Malaysia penetration levels is used.
[71 Solar PV Voltage magnitude IEEE 33-node radial system A probabilistic study. Both analytical techniques and
numerical methods are used to solve probabilistic load flow.
[11] Solar PV Power Quality, under-voltage,  Four representative (LV rural, A deterministic study. Scenarios have been designed
over-voltage, Unbalance semi-rural, urban and city) feeder  considering feeder topologies, load and generation profiles,
types from Flanders, Belgium PV penetration level, PV-size statistics and the PV location.
[12] Solar PV Over-voltage and under- Entire LV network data from a A data driven/statistical study. Monte Carlo type simulations
voltage problems single utility are performed on a large number of realistic LV distribution
networks of different types (rural, urban)
[8] Solar PV Energy losses, reactive power  An 18-bus test feeder A probabilistic study. PV output is generated from a
and PHEV support to the grid, voltage probabilistic solar irradiance model.
charging magnitude, peak load
stations reduction
[10] PHEV Power losses, main grid load IEEE 34-node test feeder Both deterministic and probabilistic methods are used.
factor and voltage magnitude
[5] EV Distribution network Two large-scale distribution A deterministic study. Three scenarios with 35%, 51%, and
investment, energy losses networks with several voltage 62% of EV penetration are used.
levels
[13] EV Over-voltage and under- Entire LV network from a single A data driven/statistical study. Monte Carlo type simulations

voltage problems, overloading
of distribution lines

utility

are performed on a large number of realistic LV distribution
networks of different types (rural, urban)
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[9] Wind Limits on the distribution A 69-bus radial distribution system A probabilistic study. Probabilistic behaviour of wind
feeders' voltages and currents  and a 152-bus radial distribution generation and consumer load is considered.
and costs of energy system

[18] Energy Levelised production cost of A section of the South Wales A deterministic study. Scenarios are chosen depending on
Storage energy, wind energy distribution network in UK and windfarm capacity and ESS capacity allocation.

Systems curtailment one UK Generic Distribution
(ESS), wind System (UKGDS)
power

[e] DGand Voltage magnitude, line An actual distribution network A deterministic study. Five scenarios were considered
electrolytic  loading, wind energy sample from the UK depending on different levels of DG connection and control
hydrogen curtailment strategies.
production

[14] CHPand Change in peak demand, Two UK representative urban and A deterministic study. Scenario studies have been carried
electric HP  thermal and voltage limit rural LV networks generated from  out by modelling different penetration levels of consumer

violations a fractal network generator points with DCHPs or electrical HPs.

[19] Microgrids  Voltage magnitude, line losses Sample LV distribution network A deterministic study. Scenario studies have been carried
with with two feeders and 10 out with different demand profiles and solar irradiance
renewable consumer nodes profiles.
generators
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Depending on the methods used for uncertainty assessment and modelling and depending on
whether the study is carried on a large number of real/realistic networks, the placement of all
above previous studies on the Funtowicz and Ravetz (1990) model adapted to understand

uncertainties in the energy systems is shown in Figure 2.2.

High
. Strategic and Policy level

| “Data driven/statistical studies
Tactical condutted on large number
of real/realistic networks

==~ _| Probabilistic studies
based on one or few *
case study networks

~
N

Decision Stakes

Operational

Deterministic studies .
based on one or few

case study networks \ |
Low ! .

»

Low System Uncertainties High

Figure 2.2: Placement of the uncertainty assessment and modelling methods of LCTs on
distribution networks according to the level of decision support provided by the study.

e Deterministic studies

According to the literature review on impact assessment studies of LCTs, in the deterministic
type studies which are based on one or few case study networks, all the input data for the
analysis is known beforehand and the events are completely predetermined. Therefore, for a
particular set of inputs the same set of output results are produced. For example, some
researchers have performed time-series simulations using historical load and generation profiles
to determine what is running in each time period. This type of studies provides information on
the variations of voltage, current and power levels throughout simulation period in a specific
distribution system and the conclusions derived from these studies can be used to support

operational level decisions in that specific electrical distribution system. For instance, results
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from the deterministic study in reference [4] indicated that the LV network used in the study
can accommodate high level PV (>100%) penetration without causing any problem. However, it

is important to mention that the impact of PV is very location and network dependent.

Since, the deterministic studies do not take into account the probabilistic behaviour of the load,
generation and other system parameters robust decisions in the tactical, strategic and policy
levels cannot be derived from such studies. However, the deterministic studies based on
scenarios and sensitivity analysis studies can inform the tactical and strategic level decisions on
the factors that may combine in different ways to create unforeseen impacts on the distribution

networks.

e Probabilistic studies

Although, the probabilistic studies are able to deal with the uncertain parameters of the
distribution systems, most of such studies in the literature are based on the case study networks.
Hence, the conclusions derived from those studies have limited applicability to the other
networks. Therefore, robust and generalized conclusions required for strategic and policy level
decision making cannot be derived by solely depending on the results of these case study
networks-based probabilistic studies. However, the conclusions made from such probabilistic
studies can support operational levels decision making on the specific distribution network used
in the study. For instance, in the probabilistic load flow study in reference [7] it has been
recognized that by connecting PV generators to certain nodes the voltage profile in the given

distribution network can be improved.

e Data driven/statistical studies

In general, data driven/statistical studies relate the observed statistical data to theoretical

models such as PDFs or models used in regression analysis. Rules are derived from a large

21



number of similar events or based on the experience obtained by conducting data driven

studies.

In this thesis the impact assessment studies of LCTs conducted on a large number of distribution
networks are given much attention in the category of data driven or statistically driven studies.
The abovementioned deterministic and probabilistic type analysis are often conducted on a
large number of networks and the statistics of the results of many similar networks are used
derive the conclusions of such data driven studies. Therefore, it was identified that the
conclusions made from these studies are more robust and generalized than the aforementioned
one or few case study networks-based studies. For example, studies [12] and [13] claim to
provide information on the proportion of the distribution network that may experience
problems by integrating LCTs and highlights the importance of undertaking LCT impact studies
on a large number of networks to come up with robust and generalized conclusions to support

strategic and policy level decision making.

The challenges and limitations to conduct such statistical studies have been identified [20]. They

are,

(i) Difficulty to obtain realistic network data from utilities and the amount of time

and efforts need to clean the data.

(ii) Limited availability of reference test networks.

(iii) Limited availability of open source tools for the generation of representative

test cases of the real networks.
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2.4 Analyzing statistical properties of electrical power networks -
A review

Followed by the review of impact assessment studies of LCTs, the need for generating random-

realistic models that can effectively capture key topological and electrical characteristics of real-

world networks in aiding statistical analysis of the power networks is identified [12], [13], [14].

However, it is often difficult to produce a large number of random-realistic models of the real-
world networks including the electric power networks. Identifying and quantifying the key
statistical properties that characterize different types of networks is a fundamental requirement

when developing such random-realistic models of real networks.

2.4.1 A summary of the related previous research

The statistical properties of the power networks have been studied by many researchers in the
past. The existing literature on analyzing statistical properties of power networks have been
reviewed in this section. Statistical properties of the power networks are usually studied under
two categories; topological and electrical properties. Table 2.2 summarizes some of the related
studies. The type of the networks, voltage levels, number of networks used and the topological

and electrical properties that are investigated in each study are compared.
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Table 2.2: A literature review on analysing the statistical properties of power networks [21].

Ref. Network Voltage Number of networks Node degree Average Clustering Betweenness Electrical
type level analyzed related shortest-path distance/
statistics impedance
distribution
[22] Real HV 1 real grid (Italian grid) v
[23] Realand HV 1real, 1 random grid & 1 IEEE v
synthetic test network
[24] Real HV 1 real grid (North American) v
[20] Realand HV 4 |EEE test networks and 2 v 4
synthetic real networks
[25] Realand HV 1 real and 1 synthetic v v
synthetic
[26] Realand HV 2 IEEE test cases and 1 real v
synthetic grid
[27] Real HV 1 real grid (European power v
grid)
[28] Real HV 1 real grid (North American) v
[29] Real HV 3 real grids (Italian, French
and Spanish grids)
[30]  Synthetic HV 1 IEEE test case v
[21] Real MV/LV  Northern Ireland network v v
data
[31] Real MV/LV 2 LV networks and 2 MV

feeders
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In the past, the interest of studying the statistical properties, primarily the topological properties
of electrical power grid was mainly led by the major blackouts happened in North America [28],
[24], Italy [22], Europe [27] and few other power grids [32]. After these large-scale blackouts
happened worldwide, researchers were seeking solutions for improving security and reliability
of the power grid from different perspectives. Advances in statistical physics and complex
network theory together with graph theory applications have developed new areas of interest
in vulnerability assessment in power systems [33]. The connection between the structure of the

HV power grid and the risk probabilities are often analyzed.

As seen from the review in Table 2.2, majority of the statistical studies on the power networks
are carried out in the HV networks. The number of statistical studies on the MV and LV networks
are very limited. To the best of the author’s knowledge only one comprehensive topological
investigation of the MV and LV networks was found in the literature which has used data from
a large number of real networks. The study has focused on a methodology of integrating
topological metrics with economic factors and the topological characteristics of MV and LV
networks are compared [21]. Other than the aforementioned MV and LV network study, the
statistical investigations of power networks are conducted on a limited number of networks in

most of the above previous research.

Complex networks analysis techniques together with graph theory applications have been used
in majority of the studies to analyze the statistical (both topological and electrical) properties of

the power networks.

In addition, fractal properties of the power networks are also investigated under the topological

properties [31].
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2.4.2 Frequently analyzed statistical properties of power networks

Most commonly investigated statistical properties of the power networks are summarized in
this section. In order to extract the graph related network properties (i.e. node degree, average
shortest-path length, clustering coefficient, betweeness and distribution of impedances related
statistical measures), the electrical power networks have been modelled as graphs with
electrical substations and consumer load points representing the nodes of the graphs and

transmission and distribution lines representing the edges of the graphs.

o Node degree related statistical measures

The number of edges incident with a node in the network is called the degree of that node.
Different nodes in the network can have different node degrees. Degree distribution is the
probability distribution of the degrees of nodes over the whole network [33]. Node degree
related statistical measures such as the degree distribution, average degree of the network and

maximum node degree of the networks are widely studied in the previous research in Table 2.2.

Researches have observed that the HV electrical transmission grids have heavy-tailed nodes
degree distributions. A network is said to be ‘scale-free’ when the nodes degree distribution of
the network follows a power law, resulting in few nodes having many edges and many nodes
having few edges. In vulnerability assessment studies of HV networks, it has been identified that
networks with scale free property are highly resistant to accidental failures but are highly

vulnerable to deliberate attacks [34].

e Average shortest-path length

The average path length is defined as the average length along the shortest paths for all possible

pairs of network nodes [33]. It has been widely used as a measure of the efficiency of
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information or mass transport on a network. Higher average shortest path length implies
network is almost in liner chain and lower characteristic path length shows the network is in a
compact highly meshed form. Most of the previous studies under review have studied the

average shortest-path length property of the networks.

e Clustering coefficient

In graph theory, a clustering coefficient is a measure of the degree to which nodes in a graph
tend to cluster together. Evidence suggests that in most real-world networks, and in particular
social networks, nodes tend to create tightly knit groups [33]. Therefore, clustering coefficient
of the power networks have been studied in some of the above previous research to capture

the local cohesiveness of the networks.

e Betweenness

Betweenness describes the importance of a node with respect to shortest paths in the graph.
This is very important to identify critical components of the power grid [21], [22], [35]. For a
given node, betweenness, is defined as the number of shortest paths that traverse that node.
Considering the betweenness of a node as a random variable it is possible to obtain the
corresponding probability distribution. Betweenness properties have mostly been analysed in

the vulnerability assessment studies of the power networks.

e Fractal properties

Historically, Benoit Mandelbrot first introduced the concept of fractals. In general, a fractal can
be described as a rough or fragmented geometric shape that can be subdivided in parts, each of
which is (at least approximately) a reduced/size copy of the whole [36]. According to this

definition, a same repeating pattern can be seen at every scale of a fractal. Fern leaf is a simple
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example for a fractal. In the fern leaf shown in the Figure 2.3 it can be noticed that every little
leaf is part of the bigger one and has the same shape as the whole fern leaf. This property of the
fractals is called the self-similarity. A fractal dimension is a statistical index for characterizing
fractal patterns by quantifying their complexity as a ratio of the change in detail to the change

in scale [36].

Figure 2.3: Fern leaf-an example for fractals.

Some researchers have observed that power networks have fractal like structures with self-
repeating patterns at all length scales [15], [31]. In reference [31], an analysis of the fractal
properties of two LV networks and two MV feeders is presented. Through this study it was
identified that the four networks under the study have fractal characteristics but four different

fractal dimensions.

e Electrical distance/impedance distribution

Investigations of electrical properties of the power networks in the literature mainly refer to the
investigations related to the distribution of transmission and distribution line impedances of the
power networks. Weighted graphs of the power networks with weights of the edges

representing the impedance of the transmission or distribution lines are used to derive the
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electrical properties of the power networks in such studies. The concept of electrical distance
has also been used when studying the electrical structures of the power networks [20], [21],
[25]. The most common measure of electrical distance has been the absolute value of the
inverse of the system admittance matrix (i.e. this is the same admittance matrix that is used in

power flow analysis in electrical power system studies) [37].

2.5 Methods and tools for the modelling of electrical power
networks - A review

Mathematical modelling of a real-world network means producing an artificial object that has

similar characteristics to the real one [38]. Followed by the investigations of statistical properties

of the power networks, various methods and tools that has been developed in the literature to

model the electrical power networks are reviewed in this section.

It has been identified that real-world networks share some important properties, irrespective of
their functionalities. A number of complex networks models have been developed in the past to
model many different types of real-world networks (e.g. internet, telecommunication networks
and social networks). Therefore, some of the researchers have investigated the suitability of the
well-known complex networks models to describe the characteristics of the power networks.
The relevant literature is summarized under the section of ‘power grids as complex networks’

[39].

As researchers started to pay attention on the fractal behaviour of real-world networks, various
fractal models for real-world networks have been developed. Therefore, the fractal-based

network models developed for the power networks are reviewed in this section.

One of the main goals of this thesis is to develop a statistical-similar networks generator for

electricity distribution networks. The idea is to generate large numbers of random-realistic test

29



cases for various power network studies. Therefore, a review of the literature with a similar
interest on statistical models/tools for the generation of random-realistic power networks is also

presented.

2.5.1 Power grid as a complex network model

Table 2.3 provides a review of the literature on power grid as complex networks. The voltage
level, type (i.e. real/synthetic) and the number of the networks under the study in each previous
research are compared. The type of the complex networks models tested/used against the
selected real-world or synthetic power networks in the previous studies are also summarized.
Most of the related research was found in the recent survey conducted by Giuliano Andrea

Pagani and Marco Aiello (2013) in the reference [39].

According to the review in Table 2.3, a majority of the previous studies on power grids as
complex networks has been carried out on the HV networks. Vulnerability assessment of the
power grids has been the primary objective of most of those HV level network studies. Only one

relevant study that has been conducted on MV and LV networks was identified [40].

According to the literature, well-known and much studied complex networks models for testing
the power networks are the random graph models, small-world networks models and scale-free
network models. There are few other complex networks models which have also been tested
for modelling the power networks (E.g. Forest fire graph model [41], Kronecker graph model
[42], R-MAT network model [43]). However, these models are not discussed in detail for this
thesis, as they were not found to be suitable so far for modelling the power networks in the
existing literature. Also very limited literature exists on their suitability for modelling power

networks [40].
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Table 2.3: A literature review on power grids as complex networks.

Complex networks model

Voltage Real-world/synthetic networks used for the
Ref. Small-world
level study Random graph Scale-free Other complex networks
network
models network models models
models
[25], ny IEEE 300 bus network and the Eastern United v v v Minimum distance random
[44] States power grid graphs
28] Y N(?rth American eastern and western electric v
grids
[45] ny W.estern U.S. power grid and Nordic power v v
grid
[46] HV Shanghai power grid 4
[47] HV Power grids of China and America 4
48] HY ?lchu.an Chongging grid and Guangdong grid
in China
Power grids of the Nordic countries and
v v
[49] HV western USA
IEEE test networks (14, 24, 30, 57, 118 and
’ ’ ’ ’ /
501 HV 300 buses)
[40] MV and Medium and low voltage power grids of the v v v Forest fire graph, Kronecker
Lv North Netherlands graph, R-MAT graph
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In reference [25], it has been identified that the minimum distance random graphs are suitable
to model HV power networks. Since, the interest of this thesis is on methods of modeling MV

and LV networks such models are not discussed here in detail.

All the different types of complex networks models exist in the literature are characterized by
specific statistical properties. The statistical characteristics of the well-known complex networks
models and their suitability to model the power networks as found in the literature are

summarised below.

e Random graph models

In the late 1950s, Paul Erdds and Alfred Rényi introduced a random graph model and later it
helped scientists to discover that most natural phenomena can be described in terms of random
graphs. Since 1950s random networks have been studied for several decades. The network
model that Erdos and Rényi introduced is now known as ‘classical random network model’ or
‘Erd0s-Rényi (ER) network model’ where the random graph is built by picking each possible pair

of nodes and connecting them with an edge with probability p [51].

In the references [25] and [44], the topological characteristics of real power grids and the
corresponding random graphs models are compared. These studies concluded that the random
graph models do not provide substantial utility for modeling HV power grids. In [45] and [49]
structural vulnerability of real power grids are compared with the corresponding random graph
models. It was identified that the power grids are more sensitive to attacks than the random
graph models of those power grids. The study in [40], investigated the topological metrics that
the MV and LV networks need to satisfy for efficiency, resilience and robustness with the help

of various complex networks models including the random graph models.
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e Small-world network models

The Small-world networks are characterized by high clustering and short average path lengths.
This model was first introduced by Duncan J. Watts and Steven Strogatz in 1998. In the small-
world networks there is the ability to reach any given point within the network in a fairly small
number of steps relative to the network size. This small-world phenomenon is popularly known

as six degrees of separation [52].

From the studies [25] and [49], it was identified that small-world networks are not suitable for
modelling the Eastern United States power grid and the IEEE 300 bus network. However, small-
world properties are observed in several Chinese power grids [46], [47], [48]. Performances of
these Chinese power grids have been evaluated using the corresponding small-world network

models.

e Scale-free network models

Scale free networks are characterized by power-law degree distributions [34]. Out of many
different ways of developing networks with power-law degree distribution, the preferential
attachment network model by Barabdsi and Albert has widely been used in the literature for
real-world networks modelling. Preferential attachment means that the more connected a node
is, the more likely it is to receive new edges. In other words, nodes with higher degree have

stronger ability to grab new edges added to the network [53].

The scale-free nature of HV level power networks has been observed in a number of previous
research. Therefore, in many vulnerability assessment studies of the HV real and synthetic
power grids, representative scale-free models of the corresponding power networks have been
used. The reliability of the North American eastern and western electric power grids were

analyzed based on the Barabasi—Albert network model in [28]. In [50], assessment of
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vulnerability of power grids is performed through graph theory indexes by using the scale free
network models of several IEEE test networks. Scale-free models have also been used to study
the vulnerability of the Western United States power grid and Nordic power grid [45], [49].
However, the studies in [25] and [44] have identified that the preferential attachment models

are not suitable for modelling the IEEE 300 bus and the Eastern United States power grids.

2.5.2 Fractal-based network models for power networks

Although there are various fractal-based network models developed for different types of real-
world networks (e.g. in references [54], [55], [56], [57]), only a few fractal-based models have

been found in literature which are specifically developed for power networks.

In [15] and [58], the development of a fractal based networks generating tool for MV and LV
power networks of the Great Britain(GB) is explained. Different ranges of fractal dimensions for
the distribution of consumer settlements in urban, sub-urban, semi-rural and rural type areas of
GB have been used for the development of the tool. The software tool has used an algorithm
which simulates the position of consumers in a controllable manner, modelling the
characteristics of the positions of real consumer sets, based on different fractal dimensions.
Then, realistic networks have been generated by connecting realistic set of consumers’ positions

with the appropriate branching rates similar to the real networks.

Another fractal graph model for MV and LV distribution grid topologies has been developed in
[31]. Two small LV networks and two MV feeders from the distribution networks of Greek power
grid have been analysed in order to prove that power networks have fractal like structures.
Fractal dimensions of those network samples have been calculated. A two dimensional
stochastic dielectric breakdown model (DBM) [60] is utilized to generate virtual distribution

networks with different fractal dimensions.
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2.5.3 Statistical models/tools for the generation of random-realistic
power networks

Models/tools, which are capable of generating large numbers of random-realistic
representations of power networks in order to facilitate statistical studies on the power
networks are reviewed in this section. The well-known complex networks models and fractal-
based network models explained above have provided the foundation for the development of

such models/tools in the literature. The related previous research is summarized in Table 2.4.

According to Table 2.4, there are a few statistical models/tools that have been developed for

the modelling of HV power networks.

In [20] and [59] the development of a new random topology power grid model, called RT-nested-
Smallworld has been presented. Through an investigation of statistical properties of several IEEE
networks and two real power grids, the topological and electrical properties of large scale power
grids have been identified and quantified. It has been identified that the power grids are sparsely
connected with obvious small-world properties and the line impedance has a heavy-tailed
distribution. Based on these discoveries, an algorithm has been proposed to generate random
topology power grids featuring the same topological and electrical characteristics found from
the real data. The motivation behind their study was to find out the classes of network
topologies of communication networks that are needed to support the decentralized control of

a smart grid through the statistical studies on a large number of power grid test cases.

With similar motivations, a new Cluster and-Connect model is introduced to generate synthetic
graphs for HV power networks in [60]. This model has mainly addressed some of the limitations

of the above described in the RT-nested-smallworld model.
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Table 2.4: A review of the literature on the statistical networks generating tools for power networks.

Origin of the supporting

Topological properties

Electrical properties

Voltage Name or description of of the real networks of the real networks
Work network data for the Purpose of the model/tool
level the method/tool captured by the captured by the
development of the tool
model/tool model/tool
IEEEE 30, 57, 118, 300 bus . .
S Testing smart grid
test networks, western Node degree Distribution of . L.
RT-nested-Smallworld . . N . communication and control
[20], [59] HV United States power grid distributions and small transmission line
model . . networks for the power
(WSCC) and New York state  world properties impedance rids
bulk electricity grid (NYISO) &
Western .Unlted States Clustering, inter- and Distribution of Generate synthetic graphs
Cluster-and-Connect power grid (WSCC) and . . that accurately captures
[60] HV intra-cluster degree transmission line . .
model New York state bulk distributions impedance topological and electrical
electricity grid (NYISO) P properties
[61] ny Random power grid HV network in the U.S. Average degree Impedance g‘:igf:g :zzt:a:mi:jgrs
model state of Florida g & distributions P
networks
Fractal-based statistical  Distribution networks data  Fractal dimension, total Consumer demand Evaluation of alternative
MV and . o . .
[15], [58] LV tool for design of of Great Britain from rural,  network length and and network design strategies of
distribution networks sub-urban and urban areas  branching rates planning standards distribution networks
Test different scenarios and
Fractal model for 2 small LV networks and 2 Maximum voltage algorithms on MV and LV
MV and . . . . . .
[31] LV distribution grid MV feeders from the Greek Fractal dimension drop, total Power networks without having to
topologies power grid Losses collect and process the real

network data
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In [61], another generative model for HV power networks has been presented. The model
randomly connects N nodes located in a square with a guarantee that there is no isolated node
in the network. This model is limited because it only focuses on the averages of degree and
impedance distributions. Unlike the previously discussed HV network models, this model does
not capture the clustering coefficient and the locally dense clustering behavior of the real power

networks.

According to the best of the author’s knowledge, fractal-based networks generating tool in [15],
[58] and the fractal model in [31] are the only statistical models/tools available in the literature
for the modelling of MV and LV networks. The implementation procedures of these fractal

models are described in the above section (i.e. Fractal models for power networks).

The fractal-based networks generating tool in [15], [58] has been used to quantitatively assess
the impact of alternative distribution network investment plans in terms of capital costs, losses
and reliability. This has been done by a statistical assessment approach in which the optimal
network design policies are determined by evaluating the costs and benefits of different designs

applied on a number of networks with similar properties.

The fractal model developed in [31] has been validated only on a limited number of real
networks. More networks need to be analyzed for a better classification of MV and LV networks

and in order to make a robust validation of this fractal model.
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2.6 Summary and research gaps

e According to the review of the literature on impact assessment studies of LCTs, most of
the previous research are based on one or few real or synthetic network samples.
Although, such studies give an insight into the likely problems that may be experienced
in the distribution networks, conclusions made from those studies have limited
applicability to other networks.

e Researchers have identified the need of statistical studies carried out on large numbers
of real/realistic networks to support robust decision making on the impacts of LCTs in
distribution networks. The main obstacles for researchers to conduct such statistical
studies have been identified; limited access to real-world network data, limited
availability of representative network models and limited availability of open source
tools for the generation of representative test cases of the real networks.

e The need of analyzing the statistical properties of the power networks in order to
develop statistical models which can generate random-realistic power networks has
been identified. A review of the literature on investigations of the statistical properties
of power networks was presented. Complex networks analysis techniques together with
graph theory applications have been widely used in the previous research to analyze the
topological and electrical properties of the real and synthetic power networks. In
addition, fractal properties of the power networks have also been analyzed. Majority of
the related research has been carried out for the HV power networks and are supported
by a limited number of real or synthetic networks.

e Statistical models that are available in the literature for the modelling of power
networks were also reviewed. Well-known complex networks models (i.e. random

graph, small-world and scale-free network models) have been widely used to model the
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HV power networks. The main goal of such studies was to find out the relation between
the vulnerability and topological and electrical structures of the power networks. A few,
(complex networks theory and fractal theory-based) new statistical models/tools that
have been specifically developed for the modelling of power networks were found in
the literature. Majority of such models/tools have been developed for HV power
networks. Statistical models/tools that has been developed for the MV and LV networks
are based on the fractal generating methods. So far, these fractal models are limited for
certain geographic areas where the fractal properties of the real-world distribution

networks have been observed.
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Chapter 3: Topological properties of medium
voltage electricity distribution networks

3.1 Introduction

Characterising the important statistical properties of different types of real world electricity
distribution networks are required to generate random, realistic test network models for various
simulation studies. In this thesis, the statistical properties of electricity distribution networks are
studied under two categories, namely topological and electrical properties. An investigation of
the topological properties of real-world, MV electricity distribution networks is presented in this

chapter.

Topological properties of a distribution network describe how different network components
are located and connected to each other, which is critical to evaluate the network performance.
Simple models which assume equal spacing between the consumers and equally spaced
substations are not accurate enough to represent the topological features of real distribution

networks.

Both topological and electrical properties of distribution networks are decided by many factors
such as, spatial distribution of the consumer load, network planning guidelines and
recommendations, social and financial factors. Due to the effect of these factors, each electricity
distribution networks may have observable differences in their topological and electrical
properties. However, regardless of the detailed differences of these topological and electrical
properties, similar types (e.g. rural/urban) of distribution networks share some common

statistical characteristics. For example, in rural networks consumer locations tend to be
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distributed in a more clustered fashion with large open areas dedicated to farms and green

spaces, while in urban networks consumer locations are usually evenly distributed.

To capture these features, a rigorous analysis of real-world networks is required. From the
literature review in the Chapter 2, it has been identified that most of the topological
investigations are carried out on the HV level on the power networks. Topological structures of
HV grids are different from that of MV and LV grids. The HV transmission and sub-transmission
is usually a meshed system, but distribution networks (MV and LV) are mainly radial structures.
The research findings in the HV network analysis cannot be directly used in MV and LV
distribution networks. Also, majority of the previous studies were supported by a limited set of
real network data or only a limited set of topological properties were analysed. Hence a wide
ranging topological analysis supported by a large amount of real world network data is required

for electricity distribution networks.

The motivation behind the topological investigation presented in this chapter comes from

finding out answers to the following two questions;

i.  Whatare the key topological properties that characterize the realistic nature of different

types of electricity distribution networks?

ii. Is it possible to efficiently generate ensembles of random but realistic network
topologies similar to real electricity distribution networks in order to conduct a large

amount of simulation studies?
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Definitions and formulations of the key
topological properties ( Section 3.2) Data analysis L Identification and

(Section 3.4) quantification of the key

topological properties of

!

Real world . Group urban and ¥ MV distribution
network data sub-urban networks Clustering and networks
validation (Sections 3.6 & 3.7)
(Section 3.3) (Section 3.5)

Figure 3.1: Schematic overview of the topological study.
The schematic overview of the study of topological properties conducted in this chapter, is
shown in Figure 3.1. First, some of the essential definitions and formulations of the key
properties used in the topological investigation of the distribution networks are described. Then,
a thorough investigation of topological properties of real distribution networks at MV level is
conducted using real-world data. The sub-urban and urban grouping of the distribution
networks have been validated using a clustering approach. Finally, the key topological properties
that characterize different types (urban and sub-urban) of distribution networks have been

identified and quantified.

3.2 Definitions and formulations of the key topological properties
In order to understand and model a topology of a real-world complex network such as an
electrical power grid, a right set of tools and techniques are required. As seen in the literature
review in Chapter 2, most widely used techniques and tools are coming from the fields of
Complex Network Analysis (CNA) and graph theory [33]. Ignoring the 3-dimensional features
such as very tall buildings and elevation of the equipment, the electrical power grid can be
considered as a 2-dimensional grid composed of various elements such as transmission and
distribution lines, distribution transformers and switchgears. A graph model can be easily

constructed by taking into consideration the topological relationship between these elements.

This section describes some of the essential definitions and formulations of the key properties

used in the topological investigation of the distribution networks. The physical interpretation of
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graph related properties with reference to the electrical power networks are also described in
this section. Figure 3.2 summarizes the fundamental approach and the key topological features

used in this study.

Real world network data
(Including geographical map and technical information)

Graph representation of the network ,G(V,E)
V-Nodes set (Substations, busbars, consumer locations)
E-Edges set (Distribution lines)

Input data matrices for topological investigation (Basic graph properties)
Adjacency matrix, A Distance matrix, D
Node degree matrix, K Laplacian matrix, L

Topological properties

Node degree related 1. Node degree distribution 4. Branching rate
graph properties 2. Average node degree of the network 5. Pearson correlation coefficient
3. Maximum node degree of the network

Network length related | 6. Total network length 9. Average edge length

graph properties 7. Network length per km? 10. Edge length distribution
8. Average path length

Clustering measures 11. Clustering coefficient

Fractal properties 12. Fractal dimension

Depth dependent 13. Depth dependent degree distribution 15. Maximum depth

network properties 14. Depth dependent edge length distribution

Figure 3.2: Feature extraction.

3.2.1 Basic graph properties

A graph G consists of a collection of vertices V (nodes) and a collection of edges E: G = (V, E).
With reference to an electricity distribution network, V-nodes set include substations,
distribution transformers, switches, busbars and consumer locations. Edges set E, stands for the
physical connections between the nodes through underground (UG) cables and overhead (OH)
distribution line segments. Since the collected real network data includes the actual
geographical location of the electrical components, the information about nodes are extracted
with the x,y coordinates. The edges are represented using the start and end

x,y coordinates of the nodes. For an electrical power network with N nodes and M edges,

43



V=[x, y]nxz (3.1)

E = [startx, stary,, endy, end,, circuit_id]MXS (3.2)

In real networks, very often two or more circuits share the same towers. In that case, to

distinguish them a fifth dimension called circuit_id is added to E.

e Adjacency matrix (A4)

Connectivity between nodes in the graph is represented by an Adjacency Matrix ‘A’. As the
electrical power grid can be considered as an undirected graph, the adjacency matrix of a power
grid becomes a symmetric N X N matrix. The element A;; becomes 1 if there exists a link

between nodes i and j, otherwise A;; equals to 0 (3.3).

A”_{ 1, if(i,j) EE (3.3)
Lo, if (i,j)) ¢ E

e Distance matrix (D)

The distance matrix ‘D’ is defined for a graph using the edge lengths between nodes. The
element D;; becomes the length of the edge e;; if there exists an edge between nodes i and j.

Otherwise D;; is equal to zero.

D _{ VIVGED-VG DY + V@2 -VG2¥ ,  fGNDEE 3,
ij = e .
0, if (Lj) € E

e Degree matrix (K)

The degree of a node i which is denoted as k;, is the number of edges incident to that node and
is obtained using the adjacency matrix. The values obtained for the node degrees are used to

construct the Degree Matrix ‘K’ which is an N X N diagonal matrix.
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N (3.5)
ki == ZAU
j=1
Ky = ko VA= (3.6)
Y 0, otherwise

e Laplacian matrix (L)

Laplacian matrix ‘L’ is also useful in obtaining graph properties of power networks which is

expressed as,

L=K—-A (3.7)

A connected component in graph theory refers to a set of vertices in a graph that are linked to
each other. For instance, a radial 10kV network supplied by one 35kV/10kV substation can be
considered as one connected component (ignoring the connections to the main grid from the
35kV side of the main supply point). According to this definition, the number of connected
components in a radial electricity distribution network of a certain voltage level (in a given area)
is equal to the number of main grid supply points in the network. From the graph theory
definitions, the number of connected components in a graph is equal to the number of times 0

appears as an eigenvalue in the Laplacian matrix of the graph.

Most of the graph-related properties of the networks described below are derived using the

above basic graph properties 4, D, K and L.

3.2.2 Node degree related graph properties
Node degrees can be used to identify the key components in a network. In power networks,
nodes such as substations have a high node degree compared to the other nodes. Also, degrees,

and notably degree distributions can be used to derive information on the structure of a
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network. For example, if most node degrees are the same the network is more or less a regular

network in which vertices have equal roles.

o Nodes degree distribution

The nodes degree distribution P(k) of a network is defined as the fraction of nodes in the
network with degree, k. If the total number of nodes in the network is N and n,;, of them have

degree k, P(k) is defined in Equation (3.8).

P(k) = ’Ilv_k (3.8)

A power law relationship between P(k) and k is as shown in Equation (3.9) where, vy is a

parameter whose value is typically > 1.

P(k) o< k7Y (3.9)
As seen in the literature review in Chapter 2, in vulnerability assessment studies on HV
transmission grids, this power law relationship between P (k) and k has been broadly analysed
[28], [34]. However, for weakly meshed and radial networks in distribution level a power law

distribution for P(k) cannot be observed. But still it is worth to observe the behaviour of P (k)

for similar types of distribution level networks.

e Average node degree

The average node degree kg4, of a graph G is also an important measure about the structure

of the network. If k4,4 > 2 the network has a meshed structure.

1o 2M
kavg = Nz ki = T (310)
i=1
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e Branching rate

Another node degree related measure is the branching rate b,., which gives an indication of how
much a given network tends to branch out. For instance, the urban distribution networks tend
to branch out more compared to the rural distribution networks. Branching rates are usually
different for different types of networks (rural, urban), for different voltage levels, and for

different locations, i.e. close to the supply points or close to the customer points.

Number of nodes with degree > 3 (3.112)

" " Total number of nodes in the network

e Pearson correlation coefficient

A network is said to show assortative mixing if there exists a correlation between nodes of
similar degree. Assortativity property of the networks is examined in terms of node degrees
using the Pearson correlation coefficient p:

e el
M7 Y jiki=[M7 Zi50i+k))?

M7 TG+ ~[M Tz Uit 2

(3.12)

where j;, k; are the degrees of the vertices at the ends of the i " edge, with i = 1, ..., M. A positive
value for p indicates correlation between nodes with similar degree and negative values for p
indicates the relationship between nodes of different degree which is called disassortative

mixing [62].

3.2.3 Network length related graph properties

In power system terminology, network length of an MV distribution network refers to the total
length of the OH and UG electricity distribution line segments. The network length is a critical
parameter for electrical power networks since it impacts on a number of technical and economic

factors such as the voltage drops, power losses and the cost of UG cables/OH lines in the
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network. It is also important when describing the network topology realistically. An edge can be
referred to a feeder section in an electrical distribution network. Some of the length related

network properties are defined below.

e Total network length

Total network length L;,:4;, is the addition of all the edge lengths in the network.

e Average edge length

Average edge length e,  is obtained by dividing the total network length by the total number

of edges.

e Average path length

A path is a continuous sequence of edges from one vertex to another. Length of a path is the
addition of the lengths of all the edges in the path. The ‘geodesic distance’” between nodes v,
and v,, denoted as [( v, v,) is the length of the shortest path between v; and v,. Diameter
of a network is defined as the longest graph geodesic between any two graph vertices v;, v, of
a graph. Then the average path length [, is defined as the average length along the shortest

paths for all possible pairs of network nodes.

__ 1 (3.13)
lavg = e =13 D, [ %)

i#j

e Edge length distribution

Similar to the degree distribution, the edge length distribution P(e) of a network is defined as

the fraction of edges in the network, with length e. Here, length e represents a range of edge
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lengths. If the total number of edges in the network is M and m, of them fall in to the length

range e, P(e) is expressed as:

P(e) = % (3.14)

Some network models assume equal spacing between nodes. However, this is not true for most
real networks. Therefore, the edge length distribution is an important feature to be considered

in the network modelling.

3.2.4 Clustering of nodes

e Clustering coefficient

In graph theory, clustering coefficient C is a measure of the degree to which nodes in a graph
tend to cluster together. The clustering coefficient is defined as the average of the clustering

coefficient for each node C;.

1V (3.15)
C = Nzi=1ci

C; is expressed as the ratio of number of edges between the neighbours of node i, A; (i) to the

total number of edges that can exist among neighbours of node i, T (i) [52].

C - Ag(D) (3.16)
"ot

The clustering coefficient of a radial network is zero. Therefore, in order to analyse the MV and
LV radial networks this measure is not very useful. But in HV network studies this measure has

been widely used (Section 2.4, Chapter 2).
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3.2.5 Fractal properties

As explained in Chapter 2, a few researchers have observed that the real-world electricity
distribution networks also consist of self-repeating patterns across all scales similar to the

fractals [15], [63].

e Fractal dimension

Fractal dimension is an important property of fractals which provides a statistical index for the
complexity of the fractal[36]. If the fractal dimension of an object needs to be explained, the box
counting method provides the practical solution for that. In this method, the fractal object (e.g.
image of the distribution network layout) is covered with boxes with equal sides ¢, and find how
the number of boxes n(g) which include the fractal object changes with the box size. A network
is said to be fractal if the box counting dimension exists for that network. The box-counting
dimension Dy is defined as [64]:

logn(e)

Df = lim€_>0 1
log(3)

(3.17)

3.2.6 Depth property and depth dependent network properties

e Depth of a node

The depth d, of a node x, in a graph is defined as the number of edges n,, from the root node
7, to the node x. The depth of a node from the given root node can be obtained using Dijkstra
shortest path algorithm [65]. In this study, the HV/MV substation is considered as the root of a
MV radial network. A simple connected graph with no loops is called a tree. The electricity

distribution networks at MV and LV levels predominantly have tree like (radial) structures.

dyx = Ne(1, %) (3.18)
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e Maximum depth of the network

Maximum depth d,,,, is the number of edges along the longest path from the root node down

to the farthest leaf node.

During this study, analysing the depth dependent network properties was identified as an
effective approach in both topological feature identification and the network model

development. More details can be found in the section 3.7.

3.3 Real-world power grid data for topological investigation

The topological investigation of the real-world networks was conducted using network data
collected from China, covering urban and sub-urban areas. These data include the detailed
technical and geographical information of transmission, sub-transmission, and distribution level
networks and the population data of the supplied areas of the networks. Since the present work
is mainly focused on MV level networks, only the 10kV voltage level network information was
used in this study. 10kV network is the most extensive forms of the main distribution system in
both rural and urban areas in China. It is supplied by medium to large primary substations, where
power is transformed from 35kV/10kV. As most of the MV distribution networks are operated
in radial mode in the normal operating conditions [66], radial structures of the networks are

considered in this study.

A graph representation of each network was obtained. A graph representation obtained from
the geographical layout of a single network, is shown in Figure 3.3(a). The red nodes represent
the 10kV level consumers, 10kV/400V distribution transformers (secondary substations) and
busbars. The green circle represents the main grid supply point (primary substation) of the 10kV

network.
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Table 3.1 summarizes the basic information available for the selected 30 networks at the 10kV
level. The networks were categorized as sub-urban and urban depending on the population
density. According to the Demographic Yearbook 2013 published by United Nations, the
definition of ‘urban’ for cities in china is defined as the areas with population density higher than
1500 people per square kilometre [67]. The distribution of the population density of the

networks under study is shown in Figure 3.3(b).

8 18 — T T T T . : ;
[Sub-urban
7t 16 [ClUrban 1
6h P 14 1
T A g 12
= 3
£, £t
oo (]
£ 5
> 3r L IS 6
e 3
2F —f: 4
A \ 2 I
0 : 0 : ' '
0 4 6 3 10 12 250 750 1250 1750 2250 2750 3250 3750
x length (km) Population density (people per km2)
(a) (b)

Figure 3.3: (a) Graph representation of network no. 1 (b) Distribution of population densities
of the networks.

According to Figure 3.3(b) out of 30, 10 kV networks, 17 networks are in the sub-urban category

while the other 13 networks fall in to the urban category.
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Table 3.1: Basic network information of 30 networks at 10kV level.

Network Area Population Total Number Number Network Area Population Total Number Number
ID (km?)  Density network of nodes  of Edges ID (km?)  Density network of nodes  of Edges
(/km?) length (/km?) length
(km) (km)
1 66.2 482 76.4 254 253 16 101 256 103 377 376
2 142 328 88.5 399 398 17 443 1054 84.1 384 383
3 64.5 405 64.2 285 284 18 9.8 1939 28.3 234 233
4 86.2 377 80.6 350 349 19 9.2 1935 29.6 237 236
5 33.8 376 35.5 136 135 20 10 1930 34.2 331 330
6 108.5 256 78.8 204 203 21 8 1750 34.2 205 204
7 86.2 229 66.8 226 225 22 14 3200 38 328 327
8 93.8 228 81.5 246 245 23 16 3200 52.5 400 399
9 69 464 90.6 308 307 24 14 3200 31.2 267 266
10 44.3 361 321 100 99 25 7 3600 28.7 227 226
11 78.5 369 61.1 196 195 26 7.5 3600 29 217 216
12 84.1 473 87.3 321 320 27 7 3600 17.5 115 114
13 69.1 411 71.6 220 219 28 7.5 3600 14.7 114 113
14 80.9 449 54.2 173 172 29 7.5 3600 16.1 153 152
15 125.4 364 95.6 351 350 30 8 3600 30.4 265 264
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3.4 Quantification of the topological properties

Table 3.2 presents the topological properties of the 30 chosen networks at 10kV level.

In order to compare the results shown in Table 3.2, probability distributions of the topological
properties of both sub-urban and urban networks were obtained. Figure 3.4 shows the
comparative probability distribution plots for the two types of networks, arranged back to back
on the x-axis (probability of occurrence). For one topological property, the same bin size and the
same number of bins were used to generate the probability distributions for both types of

networks.

It can be observed from Figure 3.4 (sub-graphs with letter A) that, some of the topological
properties such as, nodes per km?, network length per km?, average edge length and average
path length are able to clearly characterise the topological differences of the two types of

networks. The ranges of the variation of the above four properties are summarised in Table 3.3.

The probability distributions of the branching rate, maximum node degree, fractal dimension
and maximum depth have some noticeable differences (i.e. probability distribution plots of the
two network types are biased into different directions) of the two types of networks. However,
still there are some overlapping of the values (sub-graphs with letter B). According to Figure 3.4
(sub-graphs with letter C), properties such as Average node degree and Pearson correlation

coefficient do not give clear information to characterise urban and sub-urban networks.
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Table 3.2: Graph related properties of the 30 networks at 10 kV level.

Network Number Network Average Branching Maximum Pearson Average Average Fractal Max
ID of Nodes length p node rate Node corre!a.tion edge path dimension Depth
. 1km?(km) coefficient
per 1km degree degree length (km) length (km)

1 4 1.154 1.992 0.324 7 0.534 0.302 7.408 1.301 28

2 3 0.623 1.995 0.313 5 0.559 0.222 10.356 1.270 54

3 4 0.995 1.993 0.365 4 0.457 0.226 7.551 1.275 35

4 4 0.934 1.994 0.377 7 0.516 0.231 6.445 1.331 28

5 4 1.052 1.985 0.346 4 0.421 0.263 5.404 1.266 23

6 2 0.726 1.990 0.363 5 0.504 0.388 8.418 1.261 26

7 3 0.775 1.991 0.292 3 0.776 0.297 8.518 1.273 34

8 3 0.868 1.992 0.350 4 0.356 0.332 9.694 1.276 35

9 4 1.316 1.994 0.361 5 0.477 0.295 8.179 1.323 38
10 2 0.724 1.980 0.330 3 0.394 0.324 4.546 1.228 25
11 2 0.779 1.990 0.352 4 0.597 0.313 7.625 1.270 24
12 4 1.038 1.994 0.336 6 0.616 0.273 7.983 1.319 35
13 3 1.036 1.991 0.341 3 0.600 0.327 9.840 1.285 38
14 2 0.670 1.988 0.358 4 0.353 0.315 6.513 1.266 27
15 3 0.762 1.994 0.288 7 0.475 0.273 9.792 1.296 51
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16 4 1.020 1.995 0.358 8 0.612 0.274 9.452 1.319 37
17 9 1.899 1.995 0.299 9 0.363 0.220 6.820 1.344 36
18 24 2.885 1.991 0.350 7 0.538 0.121 2.879 1.304 23
19 26 3.222 1.992 0.371 7 0.682 0.126 3.388 1.302 38
20 33 3.418 1.994 0.390 7 0.606 0.104 2.641 1.336 30
21 26 4.275 1.990 0.263 9 0.502 0.168 3.738 1.281 22
22 23 2.711 1.994 0.348 8 0.499 0.116 3.788 1.324 45
23 25 3.281 1.995 0.370 8 0.678 0.132 4.370 1.341 29
24 19 2.230 1.993 0.397 9 0.101 0.117 3.415 1.352 33
25 30 3.828 1.991 0.370 6 0.633 0.127 4.494 1.353 40
26 29 3.867 1.991 0.373 6 0.580 0.134 3.578 1.341 29
27 15 2.336 1.983 0.365 7 0.390 0.154 2.583 1.327 20
28 15 1.960 1.982 0.272 6 0.491 0.130 2.232 1.319 20
29 20 2.152 1.987 0.366 7 0.542 0.106 2.053 1.369 31
30 35 4.048 1.992 0.343 10 0.226 0.115 2.507 1.344 21
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Figure 3.4: Comparison of the topological properties of urban and sub-urban networks.
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Table 3.3: The ranges of variations of the topological properties of sub-urban and urban
distribution networks.

Topological property The range of variation
Sub-urban networks Urban networks
Nodes per km2 2-9 15-35
Network length per km: 0.6 km - 2.0 km 2.0 km —4.2 km
Average edge length 0.2 km—0.4 km 0.1 km—0.2 km
Average path length 4.5 km —10.5 km 2.0 km —4.5 km

3.5 Validation of the networks classification using topological
properties

A validation of the network classification with the population density parameter (i.e. as urban

and sub-urban networks), is validated in this section using a clustering approach.

e K-means clustering

Clustering in general, is defined as the grouping of similar objects. The k-means clustering
algorithm was used to classify the data set in Table 3.2 into a set of clusters. The k-means
clustering algorithm aims to partition a number of observations into kK number of clusters in
which each observation belongs to the cluster with the nearest mean. Each observation is a d-
dimensional real vector. Euclidian distances are used to calculate the distance from the

observation to the mean.

The implementation of the k-means algorithm is as follows; (i) make initial guesses for the means
mi, my,.. my. (ii) use the estimated means to classify the samples into clusters. (iii) for i from 1 to
k, replace mywith the mean of all of the samples for cluster i (iv) repeat steps 2 and 3 until there

are no changes in any mean [68], [69].
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Table 3.2

Prope \wsty  Cluster 1 networks

S . k-means clustering Cluster indices of
Data Matrix - mmmp Cluster 2 networks
3 pr | P2 | ps | - e | pao algorithm each network -
1 1 t M Cluster k networks
2 | Number of clusters, k |
3 Trial n
I
Trial n: Any n properties from the table are used as cluster variables to form the

30 Data Matrix (1<n<10)

Figure 3.5: The k-means cluster analysis.
Figure 3.5 illustrates the procedure of the k-means cluster analysis used in this study. According
to the above explanation of k-means clustering, the 30 networks used in the study represent 30
observations, and each observation is a 10-dimensional real vector. The 10 dimensions (cluster
variables) are the 10 topological properties listed in Table 3.2. The input data matrix for the k-
means algorithm was formed using different subsets of the properties from Table 3.2 to find out
which subsets of the parameters together can effectively characterize the two network types
(urban and sub-urban). Therefore, it was assumed that the number of clusters k is known for the
data set (k=2). Two clusters are the urban and sub-urban networks. Then, the k-means algorithm

was used to group the 30 networks into two clusters.

Trial n, refers to the exercise where any n properties from Table 3.2 are used as cluster variables
to form the Data Matrix in Figure 3.5. Trial 10 and trial 3 were used as examples for the
discussion of the clustering results in this section. In the trial 10 all the 10 topological parameters
in Table 3.2 were used as cluster variables. The grouping done by the clustering in trial 10 exactly
followed the sub-urban and urban classification done by the population density parameter.

Hence trial 10 was used to validate the urban, sub-urban classification of the networks.

The results shown in Figure 3.6 are graphical representations of the case where, different
subsets of 3 topological parameters were chosen as the cluster variables (trial 3). In the first two

cases (Figure 3.6 (a) and (b)), the selected sets of cluster variables were able to group the
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network sample into two clusters accurately, as defined by the population density of the
networks. However, the third set of cluster variables shown in Figure 3.6(c) did not cluster the
network sample into the right groups. Some of the sub-urban type networks were fallen into the
urban category and also the data points in each cluster seemed to be much more dispersed that
the previous two cases. This observation explains the importance of feature selection when

characterizing different network types.
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61

Fractal dimension

138
I 4 Cluster 1
1.36 * Clster
29 7
1.34 .2340
o5 .
. 28 2 4 2'23
“ & 2%de
" +9 -is.l 21
.]_8
e *19
o ¥ g+2
3
1.24 A
P \57 g 9 10
3 X 5 network

Maximum degree of the

(c)



3.6 Identification of key topological properties
From the results so far, it is evident that the node degree and edge length related topological
properties are key to characterise different types of networks (most of the above listed

topological properties are related with node degrees and edge lengths).

In Section 3.4 all the node degree and edge length related topological properties are evaluated
using a single value to describe each network. However, by investigating the probability
distributions of these topological properties more details about the network topologies can be

extracted.

e Probability distributions of key topological properties

Figure 3.7 (a) and (b) show the edge length distributions of sub-urban and urban networks
respectively. Light blue and light red curves in both figures represent the edge length
distribution of a single network. The dashed dark blue and dark red lines show the average
curves of the edge length distributions of all the networks in the corresponding figure. The
average curve was obtained by taking into consideration the edge lengths in all the networks of

one type as one set and by getting the probability of occurrences for the whole set.

The curves of average edge length distribution of sub-urban and urban types of networks are
compared in Figure 3.7(c). It was observed that edge length distributions of both types of
networks follow negative exponential patterns. The edge length distribution of urban networks
has a faster decay compared to the sub-urban networks and this observation explains that the
urban networks have a considerably higher fraction of shorter edge lengths compared to the

sub-urban networks.
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Figure 3.7: Edge length distributions of; (a) sub-urban networks, (b) urban networks and (c) comparison of edge length distributions of sub-urban and urban
networks.
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Similarly, degree distributions of the sub-urban and urban networks are shown in Figure 3.8(a)
and (b) respectively. The average degree distribution curves for the two types of the networks
are compared in Figure 3.8(c). The curves do not follow any well-known distribution. However,
it is noticeable that the number of nodes with a degree of 2 in most of the urban networks is
less than the sub-urban networks. This implies that the urban networks tend to have more
branches (nodes with degree >3) and leaf nodes (nodes with degree 1) than sub-urban networks.
Also, the maximum degree observed in sub-urban networks is 7 while maximum degree of the

urban networks is up to 10.

3.7 The depth dependent topological properties

Electrical power grid is an evolving network, with new nodes (substations and consumers), and
edges (power distribution lines) added with time. Similar to most of the real-world networks,
the development and evolution of the electrical power networks is closely related to the factors
such as geographical environment, population distribution, social and economic development.

Due to these factors, different networks have observable topological differences.

It was observed that, the electrical power networks used in this study have considerably
different graph related properties at different depths of the networks. For example, in urban
networks consumer locations are evenly distributed with compared to the sub-urban networks.

Therefore, urban networks has a higher network density compared to the sub-urban networks.

3.7.1 Definition of ‘depth levels’ for the analysis of topological
properties

In this study, topological properties of the networks are observed depending on the depth of
the nodes as; closer to the supply point (level 1), at the middle level (level 2) and at the furthest

away area from the supply point (level 3) respectively.
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Figure 3.9: (a) The concept of depth of a node (b) The idea of the levels of a network along

The network is divided into several levels along the depths as shown in Figure 3.9(a). In this
study, the network is divided into three levels 1, [; and [ along the depth. The number of levels
chosen for the depth dependent study, can be varied. A sensitivity study with different number
of levels can be conducted to identify the best number of levels to capture the depth dependent

properties of different types of networks. However, this part of the study is not covered in this

the depth.

thesis. Figure 3.9(b) illustrates segmenting a radial network into levels.
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Generate new adjacency
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Figure 3.10: Algorithm to obtain depth dependent network properties.

In order to obtain the depth dependent properties for a tree like graph, the adjacency ‘A’ and

distance ‘D’ matrices can be re-organized as ‘A,.,’ and ‘D,., following the new node
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identifiers given according to the depth of the node (Figure 3.10). For example, the root/source
node is now numbered as ‘node 1’ and the nodes immediately connected to the root node takes
the next consecutive numbers for their node identifiers. Submatrices of the A, and D,,,, are
used to derive the depth dependent degree and edge length distributions of the network. For
example, the edge length distribution of the network at level 1, (I,) is obtained from the values
in submatrix D;; of Dy, using the basic definition in the Equation (3.14). Similarly, the values
in submatrices D;; and Dy, are used to obtain the edge length distributions of level 2 and level

3 respectively. The idea is illustrated in the Figure 3.11.

i=1llo Lo | b | ha ||hs | he L
2 [ 0 L lz,a b b "z.n
3 I3y Iy, 0 f;,a L L "s.n
4 las % ha 0 las las lan
5 [ I, ls [ 0 I lsn D,1= Dl
_ 6 Is,y Isa 12 e lgs 0 o - L . . Isn
Dpew= D,=D,-D,
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0
0
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N [ Iz Iys Ina [ Ine | - o = o o 0

Figure 3.11: New distance matrix (node numbers 1 to N are given according to the depth of
the node from its root node).

3.7.2 Probability distributions of depth dependent topological
properties

An investigation of the depth dependent topological properties was conducted using the same
set of real world network data. Since the length and degree related measures play a critical role
in describing the topology of a network, the depth dependent degree distributions and the edge

length distributions at different depth levels were thoroughly investigated.
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Figure 3.12Figure 3.12(a), (b) and (c) show the results of depth dependent analysis of one sub-

urban type network (Network 1 in Table 3.2).

From Figure 3.12(a) it can be observed that in Network 1, the edge length distributions of all the
three ‘levels’ approximately follow negative exponential distributions. However, the maximum
edge length and the total number of edges in each level has been reduced when going towards

level 3 from the level 1 of the network.

Figure 3.12(b) shows the degree distributions of the three levels of the network 1. Figure 3.12(c)
shows the distribution of the nodes among the levels of the network 1. It was observed that the
number of nodes in each level has been reduced when moving from level 1 to level 3 of the

network.
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Figure 3.12: (a) Depth dependent edge length distribution of Network 1. (b) Depth dependent degree distribution of Network 1. (c) Distribution of nodes
among the levels of Network 1.
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Table 3.4: Number of nodes in different levels of the networks.

Level Number of nodes in different levels of sub-urban networks

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
level 1 128 185 122 150 52 102 93 106 172 39 66 164 94 84 174 180 214
level 2 85 159 109 130 53 80 74 100 107 38 86 117 80 69 104 136 130
level 3 41 54 54 70 31 22 59 40 29 23 44 40 46 20 73 61 40
Total no. 254 3908 285 350 136 204 226 246 308 100 196 321 220 173 351 377 384
of nodes
Level Number of nodes in different levels of urban networks

18 19 20 21 22 23 24 25 26 28 27 29 30
level 1 70 107 175 70 158 171 108 96 106 47 58 74 101
level 2 96 100 95 99 121 175 112 &9 88 44 38 48 121
level 3 68 30 61 36 49 54 47 42 23 23 19 31 43
Total no. 234 237 331 205 328 400 267 227 217 114 115 153 265
of nodes
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Figure 3.13: Comparison of the distribution of the nodes among the levels of sub-urban and
urban networks.

Table 3.4 provides the information regarding the distribution of the number of nodes in different
levels of urban and sub-urban networks used in the study. Figure 3.13 compares and summarises
the information in Table 3.4. For instance, the average probability that a given node in an urban
network belongs to level 1 was obtained by dividing the total number of nodes in level 1 by the
total number of nodes in all urban networks. From Figure 3.13 it was identified that in both types
of networks the number of nodes in each level has been reduced when going away from the
source node. According to Figure 3.13, the fraction of nodes in levels 2 and 3 of urban networks
are slightly higher than that of the sub-urban networks. This is due to the higher density of the

distribution of consumers in urban areas, compared to that of the sub-urban areas.
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Figure 3.14(a) shows a comparison of the edge length distributions of sub-urban and urban
networks at their levels 1, 2 and 3. Each curve represents the average variation of all the
networks of one type (E.g.: Average variation of 17-sub-urban and average variation of 13-urban
networks). When comparing the results, it can be observed that the edge length distributions of
all levels in urban networks have a faster decaying negative exponential pattern and a shorter
‘maximum edge length’ compared to the sub-urban networks. Also, for both types of networks,
the maximum edge length that can be observed in level 1 reduced when moving away from the
source node towards level 2 and level 3 (Figure 3.14(a)), and the exponential decay of the edge

length distribution has also become faster.

Similarly, a comparison of the depth dependent network analysis for the degree distributions is
shown in Figure 3.12(b). Compared to the information delivered by the degree distribution
curves in Figure 3.8, the depth dependent analysis provides detailed information regarding the
network structure. It can be observed that in both types of networks, close to the supply point
the network is less branched and when going away from the supply node branching (nodes with
degree 2 3) and the fraction of leaf nodes (nodes with degree = 1) have increased. Comparison
of the degree distribution of the same level in the two types of networks shows that the urban
networks tend to have a strong depiction of the above discussed property than that of the sub-

urban networks.
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Figure 3.14: (a) Comparison of edge length distributions of sub-urban and urban networks at different levels. (b) Comparison of degree distributions of sub-
urban and urban networks at different levels.
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Table 3.5: Maximum value for edge length in sub-urban and urban networks at different
levels of the network.

Level Maximum edge length (km)
Sub-urban networks Urban networks

1 2.9 1.4

2 2.0 0.9

3 1.6 0.7

3.8 Summary of the topological investigation

This chapter presents an investigation of the topological properties of real-world electricity
distribution networks at the MV level by employing techniques from complex networks analysis
and graph theory. A novel approach to obtain depth-dependent topological properties was
developed. Topological properties of sub-urban and urban distribution networks are quantified.

The sub-urban and urban grouping of the networks is validated using a clustering approach.
Results of the investigation of topological properties in real-world networks showed that,

(i) Node degree and edge length related graph properties are fundamental in
characterizing the topological structures of radial type sub-urban and urban

electricity distribution networks.

(ii) Depth dependent properties were able to better capture the topological
features of electricity networks at different depth levels of the networks.
Results from the depth dependent analysis showed that urban and sub-urban
types of electricity distribution networks have different graph related properties

at different depth levels of the networks.
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Chapter 4: Electrical properties of medium
voltage electricity distribution networks

4.1 Introduction

Similar to the investigation of topological properties in Chapter 3, it is also important to identify
and quantify the electrical properties of different types of real-world distribution networks, in

order to produce random-realistic electricity distribution network models.

Some examples for the electrical properties of the distribution networks are Impedances of the
distribution lines and electrical equipment, thermal ratings of conductors, protection devices
and other electrical equipment, installed capacities of the primary and secondary substations,
load profiles of consumers and installed capacities and generation profiles of DGs. In this thesis,
electrical properties are referred to as the above electrical parameters and some derivations
from one or few of the above electrical parameters (e.g. average installed capacity of a
secondary substation, average impedance of a branch) that describe the electrical structure or
the electrical arrangement of a distribution network. These electrical parameters are important
to study the performance of electricity distribution networks including voltage drops, power

losses, network reliability and costs, etc.

The typical assumptions used in these types of studies such as uniform distributions of the
consumer load and uniform cross sections and cable types for all the distribution lines are not
sufficiently accurate to describe the realistic electrical behaviour of the distribution networks.

Distribution of the consumer load is usually different from one network type to the other and
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difficult to predict without sufficient information from the real networks. Moreover, the
guidelines and recommendations for network planning and design are also different from region
to region and cannot be followed exactly in practice due to various reasons such as geographical
constrains, policies, regulations and financial factors. Hence, planning and design guidelines of
distribution network by its own, is not sufficient to provide realistic representations of the

electricity distribution networks.

Therefore, followed by the topological investigation in Chapter 3, an investigation of the
electrical properties of real-world, MV electricity distribution networks is carried out in this

chapter.

The motivation of this study is to identify and quantify the key electrical properties which will

later be useful in network modelling.

The approach of the study is similar to that of the topological investigation in Chapter 3 and the

schematic overview of the study is shown in Figure 4.1.

Definitions and formulations of the key electrical Data analysis &
properties ( Section 4.2) load flow L) Identification and

simulations quantification of key

(Section 4.4) electrical properties of

Real world - Group urban and ¥ MV distribution
network data sub-urban networks Clustering and networks
validation (Sections 4.6 & 4.7)
(Section 4.3) (Section 4.5)

Figure 4.1: Schematic overview of the study.

The same set of Chinese power grid data that was used for the topological investigation, is used
for this study. However, only a limited set of electrical data from the real-world networks were

available. They are,
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(i) Installed capacities of the primary and secondary/distribution substations.

(ii) conductor cross sections of the distribution lines

The following sections of the chapter describe the detailed approach of the investigation of
electrical properties of real-world distribution networks using the above available two sets of

data.

4.2 Definitions and formulations of the key electrical properties

In order to extract the electrical properties of distribution networks, which are also associated
with its topology, each real network is represented as a directed, weighted graph: G = (V, E).
V represents the set of nodes and the E represents the set of edges in the graph G. The
definitions of nodes and edges are similar to those in Chapter 3. Since, all the networks used in
this study have radial structures they can be denoted as rooted trees with the primary substation

(PS) representing the root s, of the corresponding network.

Node identifiers were specified according to the Breadth-first search (BFS) approach [70]. In this
approach, node numbering starts at the tree root (node_id equals to 1), and number the nodes
in the next same depth level first (E.g.: node_id = 2, 3, 4...), before moving to the subsequent
depth level. Lengths (in km) of the distribution line segments are used as the weights of the

edges in the graph.

Definitions and formulations of the key electrical properties used in this study are described in
the following section with reference to the 10kV Chinese electricity distribution networks
selected for the investigation. Table 4.1 provides a summary of the electrical properties

investigated in this study.
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Table 4.1: Summary of the electrical properties.

Category

Electrical properties

Substation capacity related
properties

Installed capacity of the primary substation (MVA)

Average installed capacity of a secondary substation (kVA)

Variation of the installed capacities of the secondary
substations with the distance to the source node along the
feeders

Load density(MVA/km?)

Conductor cross section
related properties

Average electrical distance(Ohms) between two nodes of
the network

(i.e. average resistance and reactance between two nodes
in the network)

Thermal ratings of the conductors (kVA or amperes)

Electrical performance of the
network related properties

Total power loss to the total supplied power ratio (%) of
the network

Minimum recorded voltage of the network

System load balancing index

4.2.1 Substation capacity related properties

e Primary substations (PS)

Usually, a 10kV distribution network is supplied by a PS which transforms voltage from 35kV to

10kV. PSs are often sited close to large industrial customers or at the load centre. In the graph

representations of electricity networks, PS becomes the root node.

The installed capacities of these primary substations (PS.) depends on the type of the area it is
located. In rural areas the primary substation capacity can be quite small with a single 35kV/10kV
transformer and no more than 2 or three outgoing feeders. A feeder in an electricity distribution
networks is an exit route that carries electric power from the primary substation to the
distribution substations. Primary substations in city centre areas often have several large

transformers and more than 10 outgoing feeders. The information of PSs are specified in the

following format (4.1).
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PS = [node_id, PS. (MVA), num_of_feeders]ixs (4.1)

where, node_id is the identifier of the node where the PS is located, PS. is the installed capacity

of the PS and num_of_feeders is the number of outgoing feeders from the PS.

e Secondary substations (SS)

The secondary substations (SS), where power is transformed from 10kV down to the 0.4kV LV
system come in different types. In highly populated areas secondary substations are mostly
ground mounted and have higher installed capacities than in less populated areas. In less

populated areas pole mounted substations are widely used.

In graph models of the distribution networks, each node representing a secondary substation is
assigned with an installed capacity, SS;. The distance (in km) from root s, to the secondary
substations along the feeders (dist; ss), is obtained using the Djakarta’s shortest path algorithm
[65]. The list of SS is represented in the matrix format as shown in Equation (4.2). Ngg is the total

number of secondary substations in the network.

SS = [node_id, diStS,SS (km), SSC(kVA)]N55X3 (4.2)

e Average installed capacity of secondary substations

The average installed capacity of secondary substations (5S¢ 4,4) in @ network can be obtained
from the above data using Equation (4.3). A High value of SS¢ 4,4 implies a high electrical load

density and a lower value of SS¢ 4,,gimplies a low load density in a selected area of the networks.

>SS 55 (4.3)
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e Distribution of the capacities of secondary substations along the feeder
lengths

The distribution of consumer loads is a primary factor that determines the distribution of SS
capacities. The distribution of consumer loads can be different from one network type to the
other. For example, in rural type distribution networks, usually the PSs are located closer to the
high capacity loads while some distribution feeders stretch further to provide power to the far

away low capacity loads.

In order to capture the variation of SS capacity with its distance to the root node, the following
approach is used. The SS capacities are plotted against the distance to the root node of each SS.
The distances are normalised over entire network (L,,,;m) by dividing the distances to each SS
from the root node, by the maximum feeder length l,,,,,, of the corresponding network as
shown in Equation (4.4). L, Of @ network is the distance from root node to the furthest away
SS along a feeder.

_ distsss (4.4)

lnorm - l
max

This normalisation allows the comparison of the distribution of SS capacities along the feeder

length between different networks.

¢ Load density (MVA/km?)

The load density, LD (MVA/km?) of a given area of the network is obtained by dividing the total
installed capacity of SSs in the network by the total supply area (Total area) of the network
and then multiplying this value by a demand factor k; as shown in Equation (4.5). A demand
factor k4, for this study is defined as a fraction of the installed capacity of a SS in the distribution

network, that is actually being consumed as the consumer load at a given instant of time. In the
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real-world networks SSs do not operate in their maximum capacity under normal operating
conditions. Therefore, it was assumed that on average SSs are operating at 60% of their
capacities and hence, for the calculations, k,; is assumed to be equal to 0.6.

(4.5)

LD === -
Total area

4.2.2 Conductor cross section related properties

Usually, in radial feeders, the distribution line segments closer to the root node carry the
maximum power while the line segments further away from the source are lightly loaded (Note:
this explanation is valid when there is no DG is connected to the distribution network. With DGs
connecting at various places the line loadings in the distribution networks can be different from
the above explanation). These characteristics of radial feeders enable the choice of multiple
conductor cross sections for a single feeder. However, the use of a large number of conductors
of different cross sections will result in an increased cost of the inventory [71]. To avoid high

costs, specific recommendations are set by the network planners.

The distribution line segments in a network can be divided into a trunk and lateral branches (tie
lines are ignored). The trunk refers to the backbone of a network and is the main route of power
transfer from the primary substation down to the load centres. Usually, the trunk lines have
larger cross sections and also a headroom is left for future expansions. Lateral branches are the

distribution line segments that connect between trunk lines and the MV consumers and SSs.

The choice between overhead lines (OH) or underground (UG) cables for a distribution line
depends on the type of area. UG cables are widely used in urban areas while OH lines are more

common in rural or less populated areas. In addition, the choice of UG cables and OH lines are
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also heavily influenced by the cost of labour and material, and geographical constrains such are

rivers, mountains, reserved areas, etc. [66].

¢ Impedance of a distribution line

Depending on the conductor cross section (mm?), the per km impedance (z) of a distribution
line can be obtained using manufacturer manuals. Parameter 7 is the per km resistance and x is
the per km reactance in Equation (4.6). Usually the shunt capacitance of the distribution lines is

ignored [66].

zZ =r+jx (4.6)

e Electrical distance matrix

If the impedances of all the distribution lines are known, an electrical distance matrix (ED), for

the network can be obtained as shown in Equation (4.7),

ip — { d@NxzG)) if(i,/)) EEandi <] (4.7)
Y 0, otherwise

where, d(i,j) is the length of the distribution line connecting nodes i and j and z(i, j) is the

impedance of the distribution line connecting nodes i and j.

e Average electrical distance between two nodes in a network

Average electrical distance ed 4, between the nodes in the network is then obtained according
to Equation (4.8). N is the total number of nodes in the network and M is the total number of

branches in the network.
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N
> S EDG))
ed ===l
avg M (4.8)

e Thermal rating of the conductors

Thermal rating/limit of the conductors is one major factor that limits the power flow through a
distribution line. These thermal limits are intended to limit the temperature reached by the
energized conductors and the resulting sag and loss of tensile strength. Thermal ratings (in terms
of kVA or amperes) of the corresponding cross section and material type of the conductors can

be found using cable manufacturers data manuals.

4.2.3 Electrical performance related properties

In practice, electricity distribution networks are designed to meet many technical and economic
standards to achieve the best performance in both normal and abnormal operating conditions.
Power losses, voltage drops and feeder utilizations are some of the most important indicators

to describe the electrical performance of a distribution network.

e Power losses

Given the active (P) and reactive (Q) load connected at the end of a distribution line segment
e;j with a conductor impedance (z), the active power loss (PLoss), reactive power loss (QLoss)

and apparent power loss (SLoss) is obtained by the following Equations (4.9), (4.10) and (4.11).
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Figure 4.2: Representation of a distribution line segment.

PZ + Q% S2 (4.9)
PLoss,.. :”—ZUXR = —ZXR
7 V
P? + Q% S2 (4.10)
QLoss,,, =U—2UXX = —léxX
(7 V
SLoss,, = (PLoss%; + QLoss%;) (4.11)

The total power loss SL0SSt¢41 IS the sum of individual power losses in each line segment in the

network.

The ratio of total power loss to the total supplied power (Power loss ratio) is used as another
performance evaluation parameter to compare different networks. Ssuppliedr,¢q; is the total

power supplied to the network.

. SLOSSTotal
Power loss ratio =

=— = %1009 4.12
Ssuppliedrorar % ( )

e Voltage drops

In a distribution network, a knowledge of the voltage at different parts of the network can
indicate the strong and weak parts of a network. Often a specific voltage drop (E.g. 6%) is
permitted between the supply node and any other node in the network. The voltage drop V; in

a distribution line segment can be calculated using the following formula:
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P
Vg = v (R + X tangp) (4.13)
where, V is the rated line-line voltage, P is the total three phase active power and ¢ is the angle
between voltage and current. In the above Figure 4.2, the load is concentrated at the receiving
end. The total voltage drop V; 74¢4; is the sum of individual voltage drops due to each load point

[66].

e Load balancing index

Branch load balancing index LBp,qncn and overall system load balancing index LB;y, are used
to determine the loading condition of the distribution network. Branch load balancing index is
defined as a measure of how much a branch can be loaded without exceeding the rated capacity

of that branch. This can be represented mathematically as,

_ Shranch (4.14)

LBbranch - Smax
branch

where, Sy ancn is the complex power flowing through the branch and Spra7 ;. is the maximum

rating or capacity of branch. The system load balancing index LB;,, of the entire distribution

network is represented as,

M
LB _ 1 Sbranch (4.15)
sys T M gmax
branch=1"branch

where, M is the total number of branches in the network [72], [73].
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4.3 Power grid data for the investigation of electrical properties

Sub-urban and urban network samples with radial structures were selected from the data of
10kV Chinese electricity distribution networks. Similar to the topological investigation (Section
3.3), network classification as sub-urban and urban is done according to the population density.

Table 4.2 summarises the basic information of the 10kV network samples selected for this study.
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Table 4.2: Basic information of the selected samples of 10kV sub-urban and urban networks.

Network Network Area Population Total Total Number of Installed Number of Total Maximum
type ID (km?)  density number Number outgoing capacity of the secondary installed feeder
(/km?) of nodes of feeders from primary substations  capacity of length
branches the primary substation in the secondary (km)
substation (MVA) network substations
(kVA)

1 66.2 482 254 253 7 8+5 =13 92 16100 10.7
2 142.0 328 399 398 5 2x10=20 129 20652 14.8
3 64.5 405 285 284 4 2x10 =20 109 20083 10.8
£ 4 80.9 449 173 172 4 2x10=20 65 13470 12.3
-g 5 108.5 256 204 203 5 2x8 =16 81 17303 11.8
o 6 78.5 369 196 195 4 2x10=20 76 15135 11.5
& 7 84.1 473 321 320 6 2x10 =20 117 24440 14.4
8 88.0 508 351 350 7 2x10 =20 109 28080 15.1

9 32.2 422 169 168 6 5+6.3=11.3 59 12580 6.8

10 48.8 640 186 185 5 2x10 =20 73 17650 7.1

11 9.8 1939 234 233 9 2x20 =40 65 23850 3.8

12 9.2 1935 237 236 7 2x50 =100 98 50030 3.7

13 10.0 1930 331 330 7 2x16 = 32 90 38200 3.5

14 8.0 1750 205 204 7 50+63=113 83 43900 5.2

E 15 14.0 3200 328 327 8 2x50 = 100 125 72370 5.5

35 16 16.0 3200 400 399 7 2x20 =40 115 66380 4.8

17 7.0 3600 227 226 6 31.5+20=51.5 99 42250 4.0

18 7.5 3600 217 216 6 2x50 =100 96 42865 5.6

19 8.0 3600 265 264 10 2x20 =40 89 65080 5.1

20 7.5 3600 153 152 7 2x16 =32 50 27470 3.4
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Figure 4.3: A distribution feeder of a 10kV electricity distribution network.

Figure 4.3 shows an example for a real distribution feeder of a 10kV electricity distribution
network. The trunk line and the lateral branches are marked in red (thick) and blue (thin) lines.
Installed capacities of the 10kV/0.4kV secondary substations are marked next to each SS. The
capacity of the 35kV/10kV primary substation is 20MVA. Conductor type used for the
distribution lines are marked along the lines. Consider the example of conductor type LGJ-70/1.6
in Figure 4.4. ‘LGJ is the symbol of steel cored aluminium strand, in which ‘L’ the abbreviation
of aluminium wire is, ‘G’ is the abbreviation of steel core, and ‘)’ is the abbreviation of stranded
wire. The number ‘70’ refers to the cross section (mm?) of the conductor [74]. In the network
drawings the number after the cross section (e.g. 1.6) refers to the length of the distribution line

segment with that conductor cross section.

Table 4.3 summarises the installed capacities of the SSs and PSs of the selected set of sub-urban
and urban network samples. It was noticed that, at some primary and secondary substations,
two or more transformers were installed to obtain a higher power supply capacity or to act as a

backup unit.
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Table 4.3: The selection of capacities for primary and secondary substations transformers in

10kV networks.

Substation type

Unit

Installed capacities

Primary substation PS MVA 5,6.3,8, 10, 16, 20, 31.5, 50, 63

(33kv/10kV)

Secondary substation SS

(10kV/0.4kV)

kVA

20, 30, 50, 80, 100, 125, 160, 200, 250, 315, 400, 500,
625, 800,1000

Table 4.4 summarises the properties of widely used conductor types in the selected set of 10kV

distribution networks.

Table 4.4: Properties of the conductor types used for 10kV distribution lines [6].

Cable name Cross Resistance  Reactance  Current
section per km per km rating at 90
mm’ (Ohms)  (Ohms)  9esrees
(A)
LGJ-35 35 0.82 0.38 180
LGJ-50 50 0.59 0.368 227
LGJ-70 70 0.42 0.358 287
LGJ-95 95 0.29 0.342 338
LGJ-120 120 0.23 0.335 390
LGJ-185 185 0.16 0.365 518
LGJ-240 240 0.12 0.358 610
LGJ-300 300 0.09 0.365 707

4.4 Quantification of the electrical properties

In order to compute electrical performance related network parameters load flow simulations

were conducted. However, the consumer load profiles or load data were not available in the

original data. To overcome this limitation a few assumptions were made. A steady state power

flow simulation for each network was conducted with the following assumptions.
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(i) A fraction (60%) of the installed capacities of secondary substations are used as the
actual load connected to each load node.
(ii) Power factor at each load node is considered as 0.9.

(iii) Per unit voltage at the supply point is equal to 1.05 p.u.

Table 4.5 presents the results of the evaluation of electrical properties of the above sub-urban

and urban networks at 10kV level.

In order to compare the results in Table 4.6, probability distributions of the electrical properties
of both sub-urban and urban networks were obtained. Figure 4.4 shows the comparative
probability distribution plots for the two types of networks, arranged back to back on the x-axis
(probability of occurrence). For one electrical property, the same bin size and the same number

of bins were used to generate the probability distributions of both types of networks.
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Table 4.5: Electrical properties of the 10kV sub-urban and urban networks.

Network Load density = Average installed Average Total power Minimum System load
ID (MVA/km?) capacity of a Electrical distance loss/total supplied  recorded balancing
secondary R (Ohms) X (Ohms) power ratio (%) voltage (pu) index
substation (kVA)
1 0.146 175 0.2566 0.1129 4.84 0.949 0.1257
2 0.145 160 0.1167 0.0798 5.85 0.912 0.1568
3 0.187 184 0.0874 0.0798 6.13 0.954 0.11
4 0.166 207 0.2571 0.1179 3.83 0.983 0.1134
5 0.159 213 0.3364 0.1467 5.43 0.948 0.1651
6 0.116 199 0.2515 0.1176 5.93 0.927 0.136
7 0.174 209 0.1504 0.0986 4.42 0.964 0.144
8 0.191 258 0.1071 0.0965 7.99 0.896 0.1294
9 0.234 213 0.2757 0.122 3.8 0.962 0.1448
10 0.217 242 0.2409 0.1138 2.98 1.004 0.142
11 1.46 367 0.0886 0.0449 2.17 1.027 0.1496
12 3.263 511 0.0511 0.0446 4.14 0.970 0.1834
13 2.292 424 0.0456 0.037 1.4 1.033 0.0938
14 3.293 529 0.0715 0.0596 2.42 1.017 0.1716
15 3.102 579 0.0405 0.0391 5.11 0.979 0.3047
16 2.489 577 0.0519 0.0407 5.03 0.966 0.3479
17 3.621 427 0.0613 0.0412 2.09 1.012 0.2169
18 3.429 447 0.0584 0.0444 6.22 0.949 0.2844
19 4.881 731 0.0479 0.0455 4.21 0.994 0.2771
20 2.198 549 0.0742 0.0541 3.05 1.015 0.2526
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From Figure 4.4 it can be identified that some of the electrical properties are able to clearly
characterise the two types of networks. These properties include load density, average installed
capacities of secondary substations, average resistance and reactance between the nodes of the

network (sub-graphs with letter A).

The ranges of variation of these properties in sub-urban and urban networks are summarised in
Table 4.6. In sub urban networks, load densities and the average installed capacities of SSs are
considerably lower than that of the urban networks. In the real situation these observations
from the results are reasonable, as the urban areas are highly populated and a higher number
of commercial and industrial consumers are located in the urban areas than in the sub-urban
areas. However, this study has managed to quantify these characteristics of sub-urban and
urban networks in terms of load densities and average capacities of SSs and clear differences

between the ranges of variations of the values have been identified.

Table 4.6: The ranges of variations of the electrical properties of sub-urban and urban
distribution networks.

Electrical property The range of variation

Sub-urban networks Urban networks
Load density (MVA/km?) 0.116 - 0.234 1.460 - 4.881
Average installed capacity of 160 -258 367 - 731

secondary substations (kVA)

Average resistance between two 0.087-0.336 0.041 -0.089
nodes of the network (Ohms)

Average reactance between two 0.080-0.147 0.037 - 0.060
nodes of the network (Ohms)

According to the summary in Table 4.6, average resistance and reactance of the edges
connecting two nodes of the urban networks are lower than that of the sub-urban networks.
This observation from the results is explained by two factors of the real-world networks; (i) as

studied in Chapter 3 about the average edge length between two nodes in the sub-urban and
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urban networks, urban networks have shorter average edge lengths between two nodes of the
network than in the sub urban networks (ii) conductors used in the urban networks for

distribution lines have larger cross sections and hence lower resistances and reactances.

The probability distributions of the properties labelled with letter ‘B’ in Figure 4.4 also have some
noticeable differences (Probability distribution plots of the two network types are biased into
different directions) between the two types of networks. It can be observed that the Load
balancing index and minimum recorded voltages of urban networks tend to be higher than the
sub-urban network while the total power loss to total supplied power ratio in sub-urban
networks tend to be higher than that of the urban networks. However, there are still some
overlapping of the values. Therefore, these properties are not suitable to clearly characterise

the two types of networks.

4.5 Validation of the networks classification using electrical
properties

A clustering exercise following the same clustering approach described in the topological

investigation (Section 3.5) was carried out with the results in Table 4.5 for electrical properties

of the networks.

First, all the 7 electrical properties mentioned in Table 4.5 were chosen as the cluster variables.
The k-means algorithm was used to group the 20 networks into two clusters. The grouping done
by using all the 7 variables, exactly followed the sub-urban and urban classification done by the
population density parameter of the networks. Hence this step was used to validate the urban,

sub-urban classification of the networks by using the electrical properties.
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The results shown in Figure 4.5 are graphical representations of the case where, different
subsets with 3 parameters were chosen as the cluster variables. In the first two cases (Figures
4.5(a) and 4.5(b)), the selected sets of cluster variables were able to group the network sample
into two clusters accurately, as defined by the population density of the networks. However, the
third set of cluster variables shown in Figure 4.5(c) did not cluster the network sample into the
right groups. Similar to that of the topological investigation, this observation explains the
importance the careful selection of network properties when characterizing different network

types.
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4.6 Identification of the Kkey electrical properties for
characterising electricity distribution networks

From the results, it is evident that the electrical properties derived from the data of installed
capacities of the secondary substations and the conductor cross sections used for distribution

lines are able to characterise the different types of networks.

The distribution of the installed capacities of the secondary substations is an indirect
representation of how the consumers are distributed in a network, which is not possible to be
derived from the planning and design guidelines. Therefore, realistic allocation of the installed
capacities of the substations on a network is important in achieving realistic representations for

different types of electricity distribution networks.

The allocation of the conductor cross sections of a sub-urban type real world distribution
network is shown in Figure 4.6. Similar to the network in Figure 4.6, in all the real-world network
samples selected for this study, the trunk lines are assigned with larger cross sections while the
laterals are assigned with slightly smaller conductor cross sections. Also, a maximum of 3 - 4
different types of conductor cross sections were observed in each network used for this study,

which also is consistent with the normal practices of network planning and design [75].

In the network modelling point of view, further investigating the distribution of the installed
capacities of the secondary substations has clear benefits. If the realistic distributions of
secondary substations can be obtained the other electrical parameters to the representative
topology models can be assigned by following the traditional approach for planning and design

of distribution network.
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The traditional approach for planning and design of distribution networks involves forecasting
of electricity demand, locating and sizing substations, designing the layout of the power
distribution network and finally the selection of electrical equipment (E.g.: Selection of

conductor cross sections for OH lines, UG cables) [66].
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4.7 Network depth dependent electrical properties

In this section the depth dependent electrical properties are investigated. The depth in this study
is the normalised distance, 1,1, from the root node to the other nodes in the network
(Equations (4.4)). Whereas in the topological investigation in Chapter 3, depth dependent
properties were calculated considering the depth as the number of steps from the source node
to the other nodes in the network (Equations (3.18) and (3.19)). The aim is to capture the realistic

distribution of secondary substation capacities of sub-urban and urban networks.

Figures 4.7(a) and 4.7(b) show the distribution of the installed capacities of SSs in sub-urban and
urban networks with the normalised distance from root node to each SS. The information in
Figure 4.7(a) corresponds to all the sub-urban networks used in the study and similarly Figure

4.7(b) corresponds to all the urban networks.

The range of variation in SS capacities in urban networks is much larger compared to that of the
sub-urban networks. In the sub-urban networks, the number of SSs with higher installed
capacities are less at the far ends of the network from the root node. Whereas in urban

networks, high capacity SSs are spread almost evenly throughout the lengths of the networks
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(a) Sub-urban networks (b) Urban networks.
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4.7.1 Definition of ‘depth levels’ for the analysis of electrical properties

In order to better understand the distribution of the secondary substation capacities, the
networks are divided into levels according to the normalised lengths, [,,,,+, from the source
node as shown in Figure 4.8. For example, secondary substations within the normalised distance
0 and 0.1 belong to the level; of the network. The number of levels (m) can be varied. 10 levels
are chosen for this study. A sensitivity study with different number of levels can be conducted
to identify the best number of levels to capture the depth dependent properties of different

types of networks. However, this part of the study is not covered in this thesis.

3 5
e ?
Source node, s
1 2 4 8 10 12 13
¢ * o * . . o, 'y
- —-—————=- -
Distance from .
s to node_7, SN 7 9 11 14
dist, 55 e s N
Levell Level2 Level m

Figure 4.8: Representation of levels of a network for the analysis of electrical properties.

( levely; 0<lporm <01
level,; 0.1 <lporm <02
level = (4.16)
L levello; 09 < lnorm < 1

4.7.2 Probability distributions of the depth dependant electrical
properties

Applying the Kernel distribution fitting methodology described in [76], the PDFs of the installed
capacities of SSs at different levels of the two types of networks are calculated (Appendix A).

Unlike a histogram, which discretizes the data values into separate bins, the Kernel distribution
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sums the weight functions for each data value to produce a smooth, continuous probability

curve.

The Kernel density probability distributions for the installed capacities of SSs in each level can

be formulated using Equations (4.17) and (4.18).

1 = —y, (4.17)
i) == KE=2H
i=1
1y (4.18)
K(y) = N

With relevant to this study, variable y in Equations (4.17) and (4.18) refers to the installed
capacities of the SSs in the given level of the networks and n refers to the total number of SSs in
that level. The Kernel distribution is defined by a kernel smoothing function K(y) and a
bandwidth value h that controls the smoothness of the resulting density curve. In this model,
the normal Kernel smoothing function is used, described in Equation (4.18). The bandwidth

value h is considered to be the optimal for estimating densities for the normal distribution.

Basic statistics such as mean and standard deviation of the probability distributions can be used
to describe the shape of the PDFs derived from the above Kernel density estimation [77]. In
probability and statistics, the mean value, y (i.e. is same as the expected value of y, E(y)) is
referred to the central tendency of a random variable,y characterised by a probability
distribution, f;, (¥) as shown in Equation (4.19). Standard deviation, std is a measure that is used
to quantify the amount of variation of a set of data values from the mean, as shown in Equation

(4.20). Here the operator E denotes taking the expected value of a random variable.

7 =50 = [ vA) (4.19)
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std = JE( —9)?) (4.20)

Figures 4.9 and 4.10 show the resulted PDFs of the Kernel density estimation for SS capacities of
sub-urban and urban networks respectively. SS capacities are positive values. Therefore, only
the positive values of the x-axis are shown in the figure. ‘Standard deviation’, is shown only on

one side of the ‘mean’ due to this reason.

From Figure 4.9 it can be observed that, the mean values of the PDFs of sub-urban networks are
gradually decreasing when moving down from level 1 to level 10. This means, in sub-urban
networks the higher capacity SSs are installed closer to the PS and the capacities of the SSs which
are further away from the PS tend to have smaller values. The standard deviation of the PDFs
has the highest deviation from the mean at the middle levels of the network. This explains that
in the middle depth levels of the sub-urban networks the SS capacities vary within a large range
of values from very high capacities to low capacities. However, the standard deviation of the
PDFs at the far ends of the networks is much smaller, proving that the installed capacities of SSs

at the far ends of the networks vary between a small ranges of values.

In the urban networks (Figure 4.10) the variation of the mean and standard deviations when
going down from level 1 to level 10, does not have a clear pattern. However mean values do not
vary largely from one level to the other (variation is around 500kVA). These observations of the
changes in mean and standard deviation explains that, in general, the capacities of SSs in the

urban networks are distributed almost evenly throughout all the depth levels of the networks.

However, standard deviations and means of the PDFs in urban networks are much higher than
that of the sub-urban networks for all the depth levels in the networks. Results show a clear

difference of the SS capacity distribution among sub-urban and urban networks.
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4.8 Summary of the investigation of electrical properties

This chapter studied the electrical properties of real-world electricity distribution networks at
the MV level. A limited set of available data regarding the installed capacities of distribution
substations and the conductor cross sections of the distribution lines were used for the study.
The sub-urban and urban grouping of the networks is validated using a clustering approach. A
novel approach to obtain depth dependent electrical properties has also been developed. Kernel
density PDFs for the secondary substation capacities with the distance from the source nodes of

the two types of networks were investigated.

Results from the real-world network investigation showed that,

(i) the substations capacities and the conductor cross sections are able to characterise the
electrical features of sub-urban and urban networks.
(i) PDFswhich describe the distribution of secondary substation capacities along the feeder

lengths of the two types of networks have clear differences.
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Chapter 5: Development of the statistically-
similar networks generator

5.1 Introduction

The detailed development process of the statistically-similar electricity networks generator
(SSNG) proposed in this thesis is presented in this chapter (Figure 1.3). The key feature of the
SSNG is its ability to generate large numbers of random, realistic models of electricity
distribution networks which are statistically-similar in terms of a set of topological and electrical

properties as defined by the user with some given values or ranges of values

The overview of the development process of the SSNG is shown in Figure 5.1. The SSNG is a data
driven model. The development process of the SSNG consists of four stages: data collection and
preparation, feature identification, network generation, and validation. These four stages of the
development process of the SSNG are independent from the chosen network data set. However,
the detailed approach in each stage is varied according to the details of the available data. This
chapter describes the development of the SSNG using a set of 10kV level distribution network

data collected from the Chinese power grids.
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Figure 5.1: Overview of the development procedure of the SSNG.

e Data collection and preparation stage

There are two key inputs to the SSNG: real-world distribution network data and guidelines for

planning and design of electricity distribution networks. A set of real-world distribution
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networks were collected. Then, the planning and design guidelines which are applicable for the
selected set of real-world networks were identified. The selected set of real-world networks was
then divided in to two datasets, namely training and testing data set. The network data in the
training dataset was used in the training process where, the different network types and various
statistical properties of different network types were identified and quantified. The testing
dataset represents the real network data and was used to validate generated network models
against the real networks. The largest part of the data formed the training dataset whereas the

rest were used in the testing dataset.

e Feature identification stage

Identification and quantification of the important statistical (topological and electrical)
properties of real-world distribution networks is a key requirement for developing random, but
realistic network models. Therefore, an investigation of the statistical properties of real-world
distribution networks was conducted using the training data set. This step of the development
process of the SSNG is described in Chapters 3 and 4 of this thesis. Probability density functions
(PDFs) of topological and electrical properties in different types of distribution networks (urban

and sub-urban) were obtained from this investigation.

e Network generation stage

The PDFs of topological and electrical properties of real-world networks, together with the
relevant guidelines for network planning and design were then used to develop the statistically-
similar network generator. The network generator was developed in a hierarchical manner. One
iteration of the algorithm (E.g.: iteration i =1) is explained here as an example. First, a realistic
model of the network topology is generated by taking into account the user inputs regarding the
networks to be generated. Then, the realistic electrical parameter settings are assigned to the

above network topology model. There are two separate validation procedures within the
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hierarchical approach. Generated network topologies and the assigned electrical parameter
settings of the network topologies are validated against the network planning and design
guidelines. The outcomes (i.e. topologies and topologies assigned with electrical parameter

settings) that violate the design standards are discarded.

Likewise, starting with different random seeds the network generator is able to generate as

many statistically-similar distribution networks as specified by the user.

e Validation stage

A validation stage was used to validate the networks generated by the SSNG against the real
networks. An ensemble of statistically-similar networks to a selected network from the testing
dataset was generated by the SSNG. Then, the statistical properties of the ensemble of the
statistically-similar networks are compared with that of the selected network from the testing

dataset.

The detailed network generation procedure and the validation of the generated network models

against testing data set are presented in the following sections.

5.2 Guidelines for network planning and design

This section provides a summary of the guidelines for network planning and design, used during
the statistically similar networks generation. Identifying the relevant guidelines for network
planning and design is important when generating realistic networks in order to ensure that the
networks are consistent with the planning and design standards. In the development process of

the SSNG, guidelines for network planning and design were used to achieve the following goals.

(i) To compare and validate the results of the statistical investigation of the real-world

distribution networks with the guidelines for network planning and design. A successful
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validation against the planning and design guidelines gives the confidence that the
results of the statistical investigation reflect both the characteristics of the real-world
networks and the planning and design standards.

(i) To ensure that the networks generated by the SSNG do not violate the planning and

design standards of the distribution networks.

The guidelines for network planning and design are usually different from country to country,
region to region and also from the distribution network operator (DNO) to operator. The
supporting network data for the development of the SSNG is collected from Chinese distribution
networks. Hence, this study refers to the guide for planning and design of the Chinese

distribution networks [75].

5.2.1 Guidelines for planning and design of Chinese distribution
networks

In the planning process of Chinese electrical power networks, the power supply areas are divided
into different zones according to their load densities o, which is measured in MW per km? (Table
5.1). According to the guidelines, in order to obtain o the minimum area must be above 5 km?.

Table 5.1: Division of power supply zones [75].

Power supply

A+ A B C D E
zone
' Sub-urban
Directly iy Downtow Downtow area &
under the centre 0 N Urban area e
central s 1<0<6 side .

government  ;>3( 15<0<30 6<0<15

% 0.1<0<1
3 City City Sub-urban
® Downtow area &
£ Pprovincial  centre centre . Urban area t
o . countr
2 capital area area o<t " y ]
£ 6<0<15 side
'g 0230 15<0<30 0.1<0<1
i i Downtown &
Prefecture C'tty C'tty Sub-urban = 3
level city i (g centre & urban area & g £
alied area area country 2 o
=)

112



0>15 6<0<15 1<0<6 side

0.1<0<1
Sub-urban
urban urban area area &
ICouInty area country
evel city - - 1<0< ;
06 0<6 side
0.1<0<1

Depending on the power supply zone, planning guidelines for 10kV distribution networks such
as selection of the network structure (E.g.: radial, single/double ring), capacities of the main
supply transformers and selection of conductors (OH and UG) are then decided (Table 5.2).
Recommendations are provided to choose the conductor type and the cross sections for 10kV
distribution lines depending on the main transformer capacities (Table 5.3). The recommended
number of (10 kV) outgoing feeders from the main transformer depending on its capacity is also
listed in the guidelines and shown in Table 5.3. Moreover, some recommendations regarding

the installed capacities of the pole mounted 10kV secondary substations are shown in Table 5.4.

Table 5.2: Planning standards of distribution networks according to the power supply zones
[75].

Power Sub-station
supply transformer 10 kV line type Structure of the network
zone capacity

Underground cables must UG cables: double ring, single
A+,A  High/medium be used. Overhead cables 100p, n-1(2<n<4)

are used occasionally OH lines: Multi sectional

UG cables: single loop, n-1 (2<n<4)

B High/medium .
Overhead lines are used. QO |ines: Multi sectional
Underground cables can be i i
i UG cables: single loop
C I — used at an additional cost.
OH lines: Multi sectional
D Small Overhead lines are widely OH lines: Multi sectional, radial
used.
h li idel
E Small ONEIIEEC] [T Sl My OH lines: radial

used.
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Table 5.3: 10 kV distribution line information/recommendations depending on the main
transformer capacity [75].

Main Number Cross section area of 10 kV Cross section area of 10 kV
transformer of 10kV trunk lines/main feeders lateral branches (mmz)
capacity feeders (mmz)
(MVA)

OH lines UG cables OH lines UG cables
80, 63 >12 240, 185 400, 300 150, 120 240, 185
50, 40 8~ 14 240, 185, 150 400, 300, 150, 120, 95 240, 185,

240 150

31.5 8~12 185, 150 300, 240 120, 95 185, 150
20 6~8 150, 120 240, 185 95, 70 150, 120
12.5, 10, 6.3 4~8 150, 120, 95 - 95, 70, 50 -
3.15,2 4~8 95, 70 - 50 -

Table 5.4: Recommended capacities for 10kV pole mounted transformers [75].

3 phase pole mounted

Power supply zone transformer capacity (kVA)

A+, A,Band C <400
D <315
E <100

In addition to the guidelines given in the above tables, there are several other rules used in the

planning and design of Chinese distribution networks;

e It is recommended to use a maximum of three different cross sections in one
distribution feeder.

e For A+, A and B type power supply areas, the supply radius from the main transformer
should be within 3 km.

e Fortype Csupply areas, the maximum supply radius should be <5 km.

e For type D supply areas, the maximum supply radius should be <15 km.
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5.2.2 Comparison of the statistical properties of real-world networks
with the guidelines for network planning and design

It was identified in Section 5.2.1 that the guidelines for planning and design of the distribution
networks are structured according to the power supply zones which are defined by the load
densities o (measured in MW/km?). However, the load density information was not available in
the collected set of real-world network samples. In Chapter 4, to overcome this limitation of
data, approximate values for the load density of the networks (LD), were derived using the
installed capacities of the secondary substations (Equation 4.10). The units of LD are in
MVA/km?. Therefore, an approximate value for the load densities in real world networks,
Oapprox iN MW/km? can be obtained as shown in Equation (5.1).It is assumed that pf is the
power factor at which each secondary substation in the network is operating under normal

conditions.

Gapprox(MW/kmz ) =LD(MVA/km?) X pf (5.1)

These values obtained for g,y,prox in the real-world networks, enable the comparison of the
statistical properties of real world electricity distribution networks with their planning and
design guidelines as shown in Table 5.5. The outcomes of the comparison are summarised

below.

® According to the ranges of variation of the g,,p.0x Of the real-world sub-urban and
urban networks derived using the data in Table 4.5 and the Equation (5.1), the urban
group of networks corresponds to the power supply zone C and sub-urban group of the

networks corresponds to the power supply zone D.
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Table 5.5: Comparison of the statistical properties of real-world networks with the guidelines for network planning and design.

Properties of real-world networks from the investigations in

Planning and design guidelines

Chapters 3and 4
Urban Sub-urban Type C Type D

Property networks networks Property supply areas supply areas
O approx (MW/km2) 131<0<44 01<0<0.21 o (MW/km2) 1<o0<6 01<o<1
Capacities of main transformers 5 63 8 10. 16 Capacities of main transformers Medium-small Small (E.g. 5,
used in the primary substations 16, 20,31.5, 50, 63 26 T e used in the primary substations (E.g. 16, 6.3, 8, 10, 16,
(MVA) (MVA) 20,31.5,50,63) 20)
Number of outgoing feeders Recommended number of

. going . 6-10 4-7 outgoing feeders from main 6-14 4-8
from primary substations

transformer
Maximum recorded feeder 56 15.1 MaX|mlfm supply radius <5 <15
lengths (km) constraint (km)
The choi f I R ; for the choi 95,120,185,240, 35,50,70,95,
e‘c oice o anb e cross 95 120,185,240,300 35,50,70,95,120 ecommendatlons' or the c2 oice

sections (mm?) of cable cross sections (mm?) 300,400 120
Average installed capacity of a 367 -731 145 - 758 Recommended capacities of pole <200 <315

secondary substation (kVA)

mounted 10kV transformers (kVA)
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e According to the guidelines in Table 5.3, there are no hard rules of defining large,
medium and small capacities of the main transformers used for the primary substations.
Therefore, with the assumptions that medium to small capacities are in the range of 2
MVA- 65MVA, it is reasonable to say that the capacities of the main transformers of the
urban and sub urban networks match well with the recommendations for power supply
zones C and D respectively.

e The number of outgoing feeders from the main transformers in the urban and sub-urban
networks are also consistent with the standards of network planning and design in Table
5.3.

e  Maximum supply radius constraints from the planning guidelines are compared with the
maximum feeder lengths of the real networks. Even though the definitions of these two
measures are not the same, they both give an idea about the distance to the furthest
node in the network from the supply node. In real world sub-urban networks, maximum
recorded feeder length of 15.1km is just above the maximum supply radius constraint
of type D supply zone which is 15km. The maximum recorder feeder length of urban
networks has a slight deviation of +12% from the power supply zone C constraint for
maximum supply radius.

e The choice of cable cross sections used in the sub-urban and urban networks are similar
to the conductor cross-sections specified by the network planning guidelines in Table

5.3.

The outcomes of the above comparison prove that the selected set of real-world networks are
consistent with the network design standards and also validates the statistical investigation in

Chapters 3 and 4.
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5.3 Generation of statistically-similar network topologies

The generation of statistically-similar networks begins with the network topology generation.
Starting with different random seeds and a given set of input parameters, the idea is to generate

different network layouts (topologies) which have similar topological properties (Figure 5.1).

The networks are generated as graph models and visualised in the form of tree diagrams to show
the connection between the nodes. The proposed SSNG does not generate actual graphical
portrayals of the network topologies (i.e. visualisations in terms of actual lengths and the

realistic angle distributions of the network branching are not generated).

5.3.1 The inputs required by the algorithm

The input parameters required by the algorithm can be categorised into three groups; direct
user inputs, inputs derived from the topological investigation of real-world networks and the

constraints from the guidelines for network planning and design.

e Direct user inputs

It is expected that several characteristics of the networks to be generated is provided by the
user of the network generating tool. These are defined as direct user inputs. Some of these direct

user inputs can be derived from the available set of information of the network to be analysed.

(i) Network type (urban/sub-urban)

If the total population and the power supply area is known, according to the population density
the type of the network (urban/sub-urban) can be identified. Load density parameter can also

be used to identify the network type according to Table 5.1.

(ii) The total number of nodes/ number of secondary substations
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Two options have been given to input the number of nodes in the network. The user must input

either the total number of nodes N, or the number of secondary substations in the network.

In addition,
(iii) Capacity of the main supply transformer/primary substation and
(iv) The number of outgoing feeders from the main transformer/primary substation

are required from the user as inputs to the topology generating algorithm

e Inputs generated from the topological investigation of real-world networks

From the topological investigation in Chapter 3, three sets of inputs are required to the network
topology generation. These inputs must be in the form of probability density functions (PDFs)
and probability mass functions (PMFs). A PMF differs from a PDF in that the latter is associated

with continuous random variables rather than discrete random variables [78].

(i) Depth dependent edge length distributions of urban and sub-urban networks

The depth dependent edge length distributions are represented in the form of PDFs, as the value
of an edge length can be any non-integer value between the specified limits (i.e. edge length is
a continuous variable). Therefore, the resulting PDFs of the depth dependent edge length
distributions are approximated by well-known distributions (E.g. exponential distribution,
lognormal distribution, gamma distribution, etc.). It was identified through distribution fitting
exercises that, negative exponential distribution curves show the best fit with the PDFs of depth
dependent edge length distributions. Figures 5.3(a) and 5.3(b) show the PDF and the cumulative
density function (CDF) of the edge length distribution of all the sub-urban networks at ‘level 1'.
The PDF and CDF of the best fit exponential distribution are also plotted on top of the same

figures.
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Figure 5.2: (a) PDF and (b) CDF of the edge length distribution of the sub-urban networks at
‘level 1’ of a network and the fitted exponential distribution on the same figure.

According to Figure 5.2, the best fit exponential distribution can be represented using the mean
of the exponential distribution (@=0.324) and its standard error (Std. Err. = 0.00724) compared
to the mean of the actual dataset. The corresponding parameters for the edge length
distributions of all the levels of urban and sub-urban networks are listed in Table 5.6. Therefore,
a general representation for the PDFs of the depth dependent edge length distributions of the
sub-urban and urban networks (at each level separately), f(l, @) can be obtained as shown in
the Equations (5.2) and (5.3). The I, and [, refer to the minimum and maximum edge

lengths observed at each level of the two types of real-world networks.
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0; I < lmin

1
fld,a)= Ee‘a; Imin <1 <1

0; > lhax

foof(l,a') dl=1
0

max

(5.2)

(5.3)

Table 5.6: Parameters of the PDFs of depth dependent edge length distributions of sub-

urban and urban networks.

Level of Sub-urban networks, t=0

Urban networks, t=1

the

, a Std.Err.  lnin lnax a Std.Err.  lyin lmax
network, i = = ) )
i=1 0.324 0.00724 0.02 2.9 0.149 0.00384 0.01 1.4
i=2 0.264 0.00630 0.02 2.0 0.108 0.00323 0.01 0.9
i=3 0.236 0.00853 0.02 1.6 0.087 0.00402 0.01 0.7

(i) Depth dependent degree distributions of urban and sub-urban networks

The depth dependent degree distributions are expressed in terms of PMFs as the degree of a

node can only be a positive integer value (i.e. the degree of a node is a discrete variable).

Equation (5.4) shows a general expression for the depth dependent degree distributions of sub

urban and urban networks at the levels i =1, 2, 3. The parameter k stands for the degree of a

node in a network and k,, 4, Stands for the maximum node degree observed in a network. f;(k)

stands for the probability that a degree of a node in the network level i is equal to k. For

example, p; is the probability that a degree of a node in the network level i is equal to 1.

( 0; k<0
Di1s k=1
Di2; k=2
fi(k) = 1
Pin; k = kmax
\ 0; k> kpax
kmax
Z Pir =1
k=1
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(iii) Distribution of the nodes among the levels of urban and sub-urban networks

If the total number of nodes in a network is N, and the probability that a given node is in level 1,
2 or 3 are respectively g1, g2 and g3, then the PMF for the distribution of the nodes among the
levels of a network f(n), can be expressed as shown in the Equations (5.6) and (5.7). (i.e. the level

of a node in a network is a discrete random variable and hence f(n) is in the form of a PMF).

q1; level = 1

f(m) =1 q2; level = 2 (5.6)
qs; level =3

g1 +q2+q3 =1 (5.7)

As mentioned in the ‘direct user inputs’ section there are two options to input the number of
nodes in the network to the network generation tool. This is because, it may be difficult for the
user to know the total number of nodes in a network including the busbars, switching locations
and substations, etc. Getting a number for the total number of secondary substations in the
network may be practically easier than getting the total number of nodes in the network.
Therefore, if the number of secondary substations (number of leaf nodes, 1;.4¢) in @ network is
given, now the total number of nodes, N in a network can be derived using the above

probabilities, as shown in the Equation (5.8).

Near = N(q1 X P11+ g2 X P21 +qs X P3q) (5.8)

Equation (5.8) can be explained as follows. If the total number of nodes in the network is N, the
total number of nodes in the level 1 of the network is equal to Nxq;. Similarly, the total number
of nodes in the levels 2 and 3 become Nxqg; and Nxgs respectively. The number of leaf nodes in
one level of the network can be obtained by multiplying total number of nodes in that level with
the probability of a node in that level having a degree equals to 1 (E.g.: The number of leaf nodes

in level 1= Nxgixp11). The addition of the leaf nodes in all the three levels is equal to the total
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number of leaf nodes in the network. This will lead to the Equation (5.8) and N can be calculated

by substituting the values for probabilities and the number of leaf nodes to the equation.

All the parameters introduced in the above equations to describe the PDFs and PMFs of

topological properties of real-world networks are called the ‘SSNG model parameters’.

e Inputs from the guidelines for distribution network planning and design

All the inputs from guidelines for network planning and design are used as the constraints (i.e.
rules to follow) in the algorithm for the network topology generation. This is to ensure that the

generated topologies do not violate the standards of actual network design.

(i) Guidelines for the capacities of the main supply transformers (i.e. depending on the
network type) and

(ii) Guidelines for the number of outgoing feeders from the main transformer
depending on its capacity are used as initial checks for the direct user inputs.

(iii) The guidelines for the maximum supply radius (rsupply_max) Of urban and sub-urban
networks are used at the end of each topology generation, to discard the networks

that exceed these supply radius limits.

5.3.2 The algorithm for the generation of statistically-similar network
topologies

The flow chart of the algorithm for generation of network topologies is shown in Figure 5.3. The

algorithm explains the generation of a single network topology. The process shown in the

algorithm is repeated to generate many statistically-similar network topologies. Each step of the

algorithm is explained in this section. The main steps are numbered in Figure 5.3 and the step-

wise explanation of the algorithm follows this numbering.
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Figure 5.3: Flowchart of the algorithm for the generation of network topologies.

The topologies are generated as evolving network topologies. Starting with one source node (to
represent the primary substation of the radial network), gradually new nodes are added and
connected to the existing network topology. The PDFs of edge length and the PMF’s of node

degree are used to reproduce realistic edge lengths and branching of the networks generated.
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It is assumed that the edge length, degree of a node and the level of a node in a network are
statistically independent events, which means the occurrence of one event does not affect the

probability of occurrence of the other [79].

1. A new iteration of the topology generation starts with a new random seed. This is to
ensure that, at each iteration of the algorithm a different set of values are produced
from the probability distributions of edge lengths and degree of the nodes in the steps
described below.

2. Then the direct user inputs are checked against the constraints of the network planning
and design guidelines. Type of the networks, t to be generated is identified from the
user inputs. The calculation of the variable M;, for the levels of the network i =1,2,3 is
important in the generation process of the network topology. M; for is calculated

according to Equation (5.9).

i
=

M, represents the total number of nodes in the level 1 of the network, M, represents
the total number of nodes in the levels 1 and 2 of the network and similarly M3
represents the total number of nodes in all the three levels of the network which is also
equal to N. g; forj=1,2,3 is the probability that a given node in the network belongs to
the levelj of the network. M; is used to decide the change of the network level according

to the number of nodes in the evolving network topology.

3. The source node of the network topology is initialised at first. Depth of the network at
the source node is equal to zero (d=0). The number of nodes in the evolving network

topology is denoted by the variable n and is equal to 1 at this step of the algorithm. The
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source node belongs to the level 1 (i = 1) of the network. Initialising the adjacency
matrix, A is important in this step. The output of the algorithm is a network topology
which is given in terms of a weighted adjacency matrix as shown in Equation (5.10). A is
a NxN square matrix. If there is an edge between nodes x and y, that are added to the
network topology, the element (x, y)) equals to the length of the edge (I, ), between
those two nodes. Otherwise A (x, y) is equal to zero. At this stage there are no edges in
the network, only the source node exists. Therefore, initial A is a NxN square matrix

with all zeros.

if thereis an edge between nodes x,y

A(x,y) = {l"'y ’ (5.10)

0, Otherwise

The number of nodes at the next depth level (at d=1) is decided by the degree of the
source node, ks as specified by the user. Length of the edges which connect the source
node with the nodes at the depth d=1, are assigned with random length values which
are generated from the PDF of the edge length distribution of network type t, at level

i = 1. This step of the algorithm is illustrated in Figure 5.4 for a case where, k.= 3.

Depth, d Total nodes in the
network, n
d=0 1
d=1 1+3=4

A(L,2)=A(2,1) =1,
A(1,3)=A(3,1)=/,
AL 4)=A4,1)=1,

Figure 5.4: Development of the network topology up to depth, d=1.

All the variables are then updated. The total number of nodes n, of the evolving network

topology is now equal to 1+ks. The network level, i is still equal to 1. Depth d of the
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network is also equal to 1. The elements in 4 are updated according to the connections
between the nodes. An example is shown in Figure 5.4. (Note: The actual angles

between the links are ignored in the network generation process).

Then a set of random values are assigned to the degrees of the nodes at the depth, d=1
of the network. These random values for the node degrees are generated using the PMF

of the node degree distribution for the level, i = 1 of the network type, t.

After assigning the degree to the nodes at depth, d = 1 the network can now evolve to

the next depth, d = d+1.

The next step is similar to the fourth step described above. The next set of nodes at the
depth, d = 2 of the network are assigned using the PDF for the edge lengths distribution
at level, i = 1 of the network type, t. Again, all the variables are updated. This step of
the algorithm is illustrated in Figure 5.5. It was assumed that the random degrees of the
nodes 2, 3 and 4, generated by the PMF of the degree distribution (in the step 5) are

equal to 3, 3 and 2 respectively.
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Depth, d Total nodes in
the network, n

0 1
1 1+3=4
2 1+3+5=10

d
d
d

A(1,2)=A(2,1) =1y,
A(1,3)=A(3,1) =/, 5
A(1,4) = A(4,1) =1, ,
A(2,5)=A(5,2) =/,
A(2,6)=A6,2) =/,
A3,7)=A(7,3) =15,

} A(3,8) = A(8,3) =/,
lys ) A(4,9) = A(9,4) =/,

Figure 5.5: Development of the network topology up to depth, d=2.

8. Steps 5 to 7 are repeated until the number of nodes, n reaches the value M; which is

the total number of nodes in the level 1 of the network.

9. If the number of nodes, n exceeds M;, the variable i which denotes the level of the
network is updated to the next level, i = i 4+ 1. The algorithm repeats Steps 5 to 7 with
the PDFs of edge lengths and PMFs of node degrees, for the new level (i = 2) of the
network in order to locate the new nodes which are joining the network. The aim of this
process is to use the topological characteristics of real-world networks at different
‘levels’ to generate the topological structures of artificial networks. Therefore, the
algorithm first completes the generation of ‘level 1’ of the network topology and
progressively moves to develop the next two levels of the network topology. If the
number of nodes, n reaches the value M5 (i.e. M3 is equal to N) and i exceeds the
number of levels of the network (i > 3) the algorithm stops adding more nodes to the

existing topology and exits from all the loops.

10. The resulting network topology can now be studied using the weighted adjacency

matrix, A for its topological properties. The maximum feeder length, L,,,, of a network
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topology is the length of the path (i.e. is the addition of the lengths of all the edges in

the path) from source node to the furthest away node from the source node.

11. The maximum feeder length, L4, is compared with the the maximum supply radius,
Tsupply max N the planning and design guidelines. If L4y > Tsuppiy max the network
topology generated by the algorithm violates the network design standards. Then the

topology will be discarded.

12. If the network topology generated by the algorithm complies with the above design
standard, it will be saved and forwarded to the next algorithm (Section 5.4) to assign the

electrical parameter settings to the network topology.

5.4 Generating realistic, electrical parameters for the network
topologies

In this part of the study, it is assumed that the topological distribution of consumers is captured

by the models of different types of electricity distribution networks (urban and sub-urban).

Then, the electrical parameters are assigned to the network topologies using the results of

statistical analysis of electrical properties of the real-world networks and the guidelines for

network planning and design. The detailed process is described in this section.

5.4.1 The inputs required by the algorithm

The inputs required to assign electrical parameters to the distribution network topologies come
from four different sources: directly from the user, as the outputs from the topology generating
algorithm, from the investigation of electrical properties of the real-world networks and also

from the guidelines for network planning and design.
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e Inputs from the user

These user inputs are first used in the topology generating algorithm and passed down to the

algorithm for electrical property assignment (as shown in Figure 5.1).

(i) Network type, t is important to identify the correct set of Kernel density probability
distributions of the secondary substation capacities derived from the real-world
network data.

(ii) The capacity of the main supply transformer is used for the selection of conductor
cross sections for the distribution lines according to the network planning

guidelines.

e Input that comes as an output from the topology generating algorithm

Network topology is the most important input for this algorithm. It is specified in terms of a
weighted adjacency matrix, A and is generated by the topology generating algorithm described

in Section 5.3.

e Inputs from the investigation of electrical properties of the real-world
networks.

An investigation of the electrical properties of real-world networks was carried out in Chapter

4. Three set of inputs are taken from results of this investigation.

(i) The Kernel density probability distributions of the secondary substation capacities

along the feeder lengths of the urban and sub urban networks.

These Kernel density probability distributions, are used to generate a realistic set of

secondary substation capacities to a given network topology. However, the values
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generated from a continuous PDF can be any non-integer value. Therefore, these values

must be approximated to the nearest value of actual secondary substations.

(ii) The list of secondary substation capacities observed in the real networks.

The list of actual secondary substation capacities is used to approximate the random
capacities generated by the above kernel density probability distributions to the nearest

value of actual secondary substations.

(iii) Electrical properties of the conductors used in the distribution lines of the real-world

networks

Electrical properties of the conductors (E.g. per-km resistance, per-km reactance, kVA
rating) used in the distribution lines of the real-world networks are given to the algorithm
as another set of inputs. These properties are obtained according to the conductor type and

the cross section (Table 4.3).

o Inputs from the guidelines for distribution network planning and design

(i) A selection of conductor cross sections for the distribution lines depending on the
main transformer capacities are given as a set of inputs to the algorithm from the
guidelines for network planning and design.

(i) A constraint for the maximum allowable voltage drop of the networks is used to

ensure that the generated networks are not violating the design standards.

5.4.2 The algorithm for assigning realistic electrical parameters for the

network topologies

The flow chart of the algorithm for assigning realistic electrical parameters for distribution

network topologies is shown in Figure 5.6. Each step of the algorithm is described as shown by

the number in the figure.
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Save the network to the database of statistically similar networks 9
(Electrical distance matrix ED, branch matrix B, and distribution substation capacities S5)

i i

Figure 5.6: Flowchart of the algorithm for the assignment of realistic electrical parameters

1.

for network topologies.

Similar to the topology generating algorithm, each iteration of this algorithm starts with
a new random seed. In fact, in one iteration of the complete network generation
process, (i.e. hierarchical approach in Figure 5.1) the algorithm for topology generation
and assignment of electrical parameters share the same random seed. Different random
seeds ensure that different set of values are produced by the PDFs in the different

iterations of the algorithm.

132



The next step is to read all the input parameters given to the algorithm. The type, t of

the network to be generated is identified.

According to the study of real-world networks in Chapter 4, leaf nodes of a network
topology represent the secondary substations (Figure 4.4). Therefore, it is important to
identify the leaf nodes (i.e. nodes with a degree equals to 1) in the network topology.
Next, the distance from the source node to each of the leaf node is calculated. Djakarta’s
shortest path algorithm is used to obtain these distances [65]. These distances will help

in the next step to assign the substation capacities to the leaf nodes.

Assuming a uniform distribution of the consumer load along the feeders of the network
topology is not realistic approach. Therefore, results from the statistical investigation of
electrical properties in Chapter 4 was used to allocate the capacities of secondary
substations for all the leaf nodes in the network topology to obtain an approximation to
the actual consumer load distribution. The secondary substation capacities were
assigned depending on the distance to the source node. These capacities are generated
by the corresponding Kernel density probability distributions and approximated to the

nearest values of actual capacities of secondary substations in Table 4.2.

After assigning the substation capacities to the leaf nodes, the maximum possible power
flows through all the edges of the network are obtained. Line losses are ignored at this
stage, as the conductor properties are not yet assigned to the distribution lines. A

demand factor kq = 0.6, is assumed for all the secondary substations.
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This step of the algorithm is explained using a simple example in Figure 5.7. The
secondary subsection capacities are marked inside the boxes next to them. It is assumed
that the direction of power flows in the network is from the source node to the leaf
nodes. Then, the network is divided into a number of feeders equal to the degree of the
source node. According to Figure 5.7, there are two such feeders: feeder 1 and feeder
2. The values obtained for the maximum possible power flows through all the edges in

feeder 1 are shown in Table 5.8.

0.30 km

0.50km ®

Feeder 2

Figure 5.7: Assignment of electrical parameters to a distribution network topology.

For example, the maximum possible power flow through the edge ex -y is the summation
of all the installed capacities, Cyoqe,, Of the leaf nodes in that specific feeder, with a

node;;> y, multiplied by the demand factor k, , as shown in Equation (5.10).

5.10
Sxoy = kq % Z Cnodeid ( )

nodejg =2y
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Table 5.7: Maximum possible power flows through the edges of feeder 1 of the network.

Edge 2 Cpode,y fornodeg =y Max possible power flow
x>y (kVA) Sx_)y
(kVA)

€152 (400+200+50+80+100+200) = 1030 618

€254 (200+50+80+100+200) = 630 378
€255 400 240
€4>3 (200+50) = 250 150
€s4>9 (200+80+100) = 380 228
esg>11 (200+50) = 250 150
€9>12 (200+80+100) = 380 228
€11>1s5 200 120
eun>1s 50 30

€12517 (80+100) = 180 108
en>1s 200 120
e17>2 80 48

€17>2 100 60

After assigning the substation capacities to the leaf nodes and computing the maximum branch
flows in the network, now it is the time to choose the conductor cross sections for the
distribution lines. Assuming that, all the distribution lines in the network have a uniform cross

section is not a realistic approach.

In the traditional approach for planning and design of distribution networks, the selection of
conductor cross sections comes after a series of other steps: forecasting of electricity demand,

locating and sizing substations, designing the layout of the power distribution network [66].

In reality, the optimal conductor selection in distribution networks is an optimisation problem
with the objectives to minimize the overall cost of annual energy losses and maximize the saving
in the capital cost of conducting material, while satisfying the maximum current carrying
capacity of the conductors and maintaining the acceptable voltage levels of network [71], [80],

[81]. In addition, the effect of load growth over the years is also taken in to account [71].
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However, the algorithm presented in this study does not go into the optimisation of costs and
the energy losses when selecting the conductor cross sections for the distribution lines. The idea
is to assign a similar selection of conductor cross sections to that of the real networks, while

ensuring that the thermal limits and voltage drop constraints are not violated in the networks.

From the investigation in Chapter 4, it was observed that the trunk lines of the distribution
networks are assigned with comparatively larger cross sections than the lateral branches. And
also, it was observed that only 3-4 different types of conductor cross sections are used in one
distribution feeder. These observations are used to implement the steps 6 -8 in this algorithm

for the assignment of conductor cross sections to the distribution lines.

6. As mentioned before, identifying the trunk lines and laterals in the network is important

in the process of selecting the right conductor sizes for the distribution lines.

According to this step, each feeder has only one trunk line, the other edges are laterals.

To identify the edges that belong to the trunk line, the following assumptions are made.

(i) A trunk line is starting from the source node and ending at a leaf node in the
corresponding feeder.

(i) However, a trunk line does not always appear from the source node to the leaf
node which has the longest path length in kilo metres.

(iii) The length of the path and the amount of power carried through the path must
contribute in making the decision to identify the trunk line from the candidate
paths.

(iv) The calculation of power losses that occur in a candidate path for the trunk line

involves both the lengths of the edges and actual power flows through the
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edges. Therefore, the candidate path with the highest amount of power losses

is chosen as the trunk line of the feeder.

The assumption (iv) is explained in detail below.

The active power loss, PLossexﬁy occurs in an edge exs , can be calculated using
Equation (5.11). Pxsy, Qx>y and Sx»y represents the active, reactive and apparent power
flows through the edge exs , respectively. Resistance and reactance of the edge are
represented by R and X. Resistance, R of the edge can be substituted with r x [, , where
ris the per-km resistance of the conductor and [, ,, is the length of the edge. V, and I},
are the node voltages.

v, v,

| R+jX | Px__%y + jQx—)y

I ex—)y |
Node x Node y

Figure 5.8: Power flow through an edge/branch of the network.

Py + Qi

PLoss,, =77 — xR
y
SZ,
= 2 xR (5.11)
Vy
SZ.,
= 1/3,2 Xlyy XT

2
X Z Sxoy X lyy
All edges ex_.y
inpath_p

T
PLosSpathp = T3
W

(5.12)

IR

Constant X z Sy XLy

All edges exsy
inpath_p
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The total active power loss that occurs in the path p can be obtained from Equation
(5.12). The maximum possible power flows in the edges obtained from the previous
step (Step 5) are substituted to the S5, terms in the equation. The per-km resistance, r
and the node voltages, Vy can be assumed to be constant values (In a 10kV distribution
network the small deviations of the voltages at the nodes can be ignored for this
calculation). Therefore, the total power loss occurs in the path p becomes proportional

to the term, Y auiedges exmy S,f_w X lx'y . Which is called the ‘loss index’ of the path in
inpathy

this study.

Table 5.8 summarises the Step 6 of the algorithm with relevant to the feeder 1 of the
example network shown in Figure 5.7. According to Table 5.8, path ps has the highest
loss index. Hence, the edges (branches) that belong to the path ps become the edges

that belong to the trunk line of the feeder.

Table 5.8: Selection of the candidate path for the trunk line of a distribution feeder.

Leaf Path to the leaf node from the source Total length Loss index
?;)de node of the path SS%s, x Iy,
5 pi=(1>2->05) 0.75 km 175481
15 p=(1222>4->8->11->15) 1.3 km 166450
16 ps=(122>4->8~->11-> 16) 1.4 km 165100
18 pi=(12224->9->12->18) 1.7 km 197820
21 ps=(1222>4>9->12>17 > 21) 2.7 km 206460
22 P=(1222>4>9>12> 17 > 22) 2.7 km 206790

7. After assigning the edges to the trunk lines, the remaining edges become laterals of the
network. According to the capacity of the main supply transformer as given by the user,
a set of conductor cross sections are chosen from the planning and design guidelines
(Table 5.3). According to network planning and design guidelines it is recommended to

use only three to four different cross sections for one feeder [75]. Therefore, the
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selected set of conductor cross sections are divided into groups of three cross sections

according to the ascending order of the cross sections as shown in Figure 5.9.

| 50 mm? | 70 mm? [ 95 mm? | 120 mm? | 150 mm? l --------------- (Max. cross section) mm?

Group 1

Group 2

Group 3

Group n
Figure 5.9: Grouping of conductor cross sections in ascending order.

Assignment of the cross sections to the branches in all the feeders begins with the group
of smallest three cross sections. First, the largest cross section in the selected set is
assigned to the edges in the trunk lines. The remaining two cross sections are assigned
to the edges that belong to lateral branches. Then, the maximum power flows through
the edges are tested against the thermal constraints of the selected conductors. If there
are any violations of the thermal constraints the next set of three conductor cross
sections are assigned to the edges of the feeders where the violations of thermal
constraints are observed. This step is repeated until the thermal constraints are satisfied

in all the edges of the network.

In this step of the algorithm, a power flow simulation is conducted to obtain the
maximum voltage drop recorded in the network. The maximum recorded voltage drop
is compared with the maximum allowable voltage drop of the network (V 1,4y ). If the
constraint for the maximum allowable voltage drop is violated, the algorithm goes back
to the previous step to choose the next set of conductor cross sections (i.e. cross
sections larger than in the previous assignment). These steps will be repeated until the

voltage drop constraints are satisfied or the combinations of all the recommended sets
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of cross sections are finished. If there is no suitable set of conductor cross sections that
can satisfy the voltage drop constraint, the network is discarded. Otherwise the network

is stored in the database of statistically-similar networks.

One saved network has the following output files: Adjacency matrix, A Electrical
distance matrix, ED secondary substations matrix, $§ and branch matrix, B. The
construction of $§ and ED is shown in Equations (4. 2) and (4.12) respectively. The
structure of B is as shown in Equation (5.13). It contains Fromy,ge;, and Topge,, Of
the branches, the length [(km) of the branches, per-km resistance r (Ohm), per-km
reactance x (Ohm) and also the thermal capacity Cipormar (KVA) of the conductors used
in the branches. M is the total number of branches of the network. These output files

are used to conduct power flow studies of the networks.

B = [Fromnodeid: Tonodeid: L, T, X, Cthermatlmxe (5.13)
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5.5 Validation of the SSNG tool

The steps of the validation procedure of the SSNG tool is shown in Figure 5.1. This section
presents the validation of the SSNG tool by choosing one network from the testing data set. This

selected network is referred to as ‘test network’ in the text below.

First, an ensemble of statistically-similar distribution networks to the selected test network is
generated by the SSNG. Then the topological and electrical properties of the test network are
compared with the topological and electrical properties of the ensemble of statistically-similar

networks generated by the SSNG. The results of the comparison are discussed.

5.5.1 Properties of the test network sample

The basic inputs taken from the test network to provide ‘direct user inputs’ to the SSNG is
summarised in Table 5.9. The population density of the selected network is 620 people per

square km, and hence it belongs to the sub-urban category of networks.

Table 5.9: Basic user inputs from the test network to the SSNG.

Property Value
Network type Sub-urban
Total number of nodes 190
Capacity of the main supply 20 MVA
transformer

Number of outgoing feeders from 5

the main supply transformer

The topological and electrical properties of the test network is calculated by following the

methodologies described in Chapters 3 and 4. The results are shown in Table 5.10.
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Table 5.10: Topological and electrical properties of the test network.

Topological properties

Electrical properties

Property Value Property Value

Total network 62.53 km Total installed capacity of 16875 kVA

length secondary substations (kVA)

Average edge 0.331 km Average capacity of a 219.2 kVA

length secondary substation

Average path length  6.49 km Average electrical distance- 0.274 Ohms
resistance

Maximum feeder 8.87 Average electrical distance- 0.125 Ohms

length reactance

Average node 1.989 Total active power loss 340 kW

degree

Branching rate 0.349 Total reactive power loss 194 kVar

Number of leaf 77 Total power loss/total 3.72%

nodes supplied power ratio (%)

Minimum recorded voltage

0.982 p.u. @ bus
170

System load balancing index

0.1554

Figure 5.10(a) shows the spatial distribution of the actual test network. Figure 5.10(b) shows the

connections of the nodes in the actual network as a simplified tree diagram. The edge lengths in

Figure 5.10 (b) are not drawn according to an actual scale. The trunk lines of the network are

marked using red colour in Figure 5.10(b).
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Figure 5.10: (a) Spatial distribution of the actual test network (b) Connections between the nodes of the test network as a simplified tree diagram.
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5.5.2 Generation of statistically-similar networks

Since, the proposed networks generator is a statistical tool, it can generate large numbers of
statistically-similar networks. In this section, the basic inputs in Table 5.9 were used to generate
100 networks which are statistically-similar to the chosen network from the testing dataset.
Studies with different numbers of statistically-similar networks can be conducted see the effect
of the number of networks on the statistics of the results. However, this part of the study is not

covered in this thesis.

SSNG model parameters that come from the real-world networks investigation for topology
generation are shown in Table 5.11. SSNG model parameters to assign electrical properties to
the network topologies are as follows. (i) A demand factor of k4= 0.6, is assumed for secondary
substations to estimate the maximum possible branch flows. (ii) The minimum allowable voltage
drop in the networks is considered as 10% of from main supply point voltage. This limit is about
6% in the process of planning and design of real-world networks [66]. But from the network
investigation in the Chapter 4, with a similar set assumption made to carry out load flow
simulations a voltage drops of more than 6% is observed in the real-world networks. Hence, this

voltage drop constraint is relaxed up to 10% for this study.

Table 5.11: SSNG model parameters for topology generation.

Level of the Parameters for Parameters for Parameters for
network,i edge length degree distribution of the
distributions distributions nodes
a; [Di1, Pi2, Pi3l q;
i=1 0.324 [0.32 0.350.33] 0.475
i=2 0.264 [0.39 0.28 0.33] 0.375
i=3 0.236 [0.450.28 0.27] 0.150
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Figure 5.11 shows the simplified tree diagrams of three networks generated by the SSNG. Again,
the edge lengths are not drawn according to the actual scale. Trunk lines are marked in red

colour.
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Figure 5.11: Layouts (as simplified tree diagrams) of three statistically-similar networks generated by the SSNG.
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5.5.3 Comparison of the topological and electrical properties of the test
network with the networks generated by the SSNG.

The results obtained for the topological and electrical properties of 10 networks out of the 100
networks generated by the SSNG are listed in Table 5.12. The mean and standard deviations of
the topological and electrical properties of 10 networks are also calculated and compared with

the test network properties in the last three rows of Table 5.12.

To get a better understanding about the representativeness of the networks generated by the
SSNG to the test network, results of all the 100 networks generated by the SSNG are considered.
The box-whisker plot representations of the topological and electrical properties of the 100
networks are shown in Figure 5.12. On each box, the central mark indicates the median, and the
bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The
whiskers extend to the most extreme data points not considered outliers, and the outliers are

plotted individually using the '+' symbol [82].

All the networks generated by the SSNG have same number of total nodes and same number of

outgoing feeders from the source node similar to the test network.

From the results in Table 5.12 and Figure 5.12 it can be observed that most of the topological
and electrical properties (excluding the electrical performance related electrical properties) of
the generated networks have a standard deviation less than or equal to 12%. This observation
proves that the networks generated by the SSNG are statistically-similar to each other in terms

of those properties with a maximum range of variation around +12%.
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Table 5.12: Topological and electrical properties of 10 statistically similar networks.

Topological properties

Electrical properties

= @ 2 > o . 2 o
_ £ F = = S 3 5 2 _ S _% 2 © = S8
< 3 3 g ] 3 < £ 8 8§55 88¢&g ¢ 8 B & o 2
< = 2 1y o = v % o= T 2 £ & O 3 o S © 25
E X v < 2 @ 2 & e =5 52 £ S o v S o 2 3
=] o o + &~ B e T =22, 2@ Q O Q O ) 2 =5 T 5 O
c 3 ) aQ c E ¢ ) 5 ®moB < 8> T T o T 2. 8T g2 S g o
=< D ) © S < o £ < m>~-§ v © @Y _ oo __ T e 5= - o T
S < ®_ ®_Es ¥ § & S8% ¥e_ Feg¥cgc: tz En g, of

T = T = <% = c € m ok T oI @ S E T, ®o =8 83 wo
- 2 £ v £ V£ © v ® 2 9 9 v oS (I I =R VR~ 4 2 2 £ & ) 2 Q=
2 PE z=2 22 53 3 & 2 283 8= 240320028 28 59 2 L3RV
1 65.26 0.345 438 5.72 1.989 0.342 69 13915 201.7 0.299 0.131 188 95 1.034 0.0917 1.62
2 60.34 0.319 511 8.1 1.989 0.311 63 13020 206.7 0.191 0.117 208 179 1 0.1087 34
3 66.28 0.351 496 6.72 1.989 0.353 71 15865 2235 0.215 0.129 124 103 1.025 0.0858 1.67
4 58.08 0.307 3.97 5.8 1.989 0.347 70 15290 218.4 0.184 0.112 132 91 1.032 0.0922 1.72
5 60.22 0.319 461 5.45 1.989 0.347 70 12150 173.6 0.286 0.121 155 72 1.012 0.0935 2.28
6 58.32 0.309 5.03 6.21 1.989 0.347 70 14655 209.4 0.133 0.11 224 137 1.023 0.0724 2.07
7 64.03 0.339 5.57 5.99 1.989 0.337 68 15690 230.7 0.308 0.129 243 160 1.02 0.0918 2.57
8 63.34 0.335 4.07 534 1.989 0.342 69 13010 188.6 0.305 0.127 146 61 1.024 0.1123 1.98
9 61.43 0.325 5,09 6.66 1.989 0.337 68 12245 180.1 0.286 0.123 232 117 0.987 0.1024 3.42
10 66.84 0.354 5,53 6.34 1.989 0.337 68 13860 203.8 0.153 0.126 131 129 1.019 0.0735 2.16
Mean 62.41 0.330 483 6.23 1.989 0.340 69 13970 203.7 0.236 0.122 178 114 1.017 0.0924 2.29
Std.
+ 25 5% 5% 12% 12% 0% 3% 3% 9% 9% 28% 6% 25% 32% 1.4% 13% 27%
=
est 62.53 0.331 6.49 8.87 1.989 0.349 77 16875 219.2 0.274 0.125 340 194 0.982 0.1554 3.72

network
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Figure 5.12: Box-whisker representation of the topological and electrical properties of 100 statistically-similar networks.
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From the results in Table 5.12 and Figure 5.12 it can be observed that, the mean values of the
network samples generated by the SSNG, for the topological properties such as, total network
length, average edge length, average node degree and branching rate are very similar to the

corresponding property value of the test network.

The difference between the mean value for the number of leaf nodes (equals to the number of
secondary substations) in the generated networks and the test network is around 10%. Whereas
the mean values of the average path length and maximum feeder length deviate in a range of

25-30% from the corresponding property values of the test network.

The mean value for the average capacity of a secondary substation in the generated networks
are about 10% lower than that of the test network. The test network property values for the
average resistance and reactance of the distribution line segments (edges) are in the range of

25™ and 75 percentiles of the statistical distribution of the properties of generated networks.

However the electrical performance related properties of the generated networks such as
power losses, load balancing index and minimum recorded voltage are considerably varied from

the test network properties.

In summary, the networks generated by the SSNG are very closely representative to the test
network, in terms of the total network length, average edge length and branching properties.
The number of secondary substations and average capacity of the secondary substations are
also nearly similar to the test network. Deviations from the electrical performances related
network properties such as, power losses, voltage drops and load balancing indexes are

observed with compared to the test network.
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5.5.4 Discussion-Fine tuning the algorithms for networks generation

Deviations observed in some of the electrical and topological properties of generated networks

and the test network may be due to the effect of the following reasons.

(i) Impact of the population density of the selected network

The selected test network has a population density of 620 people per square km. This much
larger than most of the sub urban networks used in the investigation of the real-world
network properties. The higher the population density the networks tend to have more
branching to supply to consumers leading to more leaf nodes in the network. And also the
installed capacities of the secondary substations tend to be larger to supply more customers.
However, the SSNG model parameters used in this study to generate the networks are
derived using a majority of sub-urban networks with a population density less than the

selected test network.

(ii) Mismatches in the selection of conductor cross sections of the test network and the

networks generated by the SSNG.

From the results in Table 5.12 and Figure 5.12, it is observable that the networks generated
by the SSNG has lower branch impedances than the test network. This may be due to
idealistic assumptions made to obtain the maximum branch flows in the networks generated

by the SSNG (Step 5 of the algorithm for electrical property assignment).

The SSNG can be fine-tuned to get better representative networks to the test network. This can
be done by changing the SSNG model parameters. The SSNG model parameters for topology
generation (Table 5.12) can be varied to change the topological structures of the networks

generated by the SSNG. For example, by changing the parameter (a) related to the edge length

151



distributions of the networks, different total network lengths can be achieved. Likewise, by
changing the degree distributions of the networks related parameters (p), different branching

patterns of the networks can be achieved.

All these small changes of the SSNG model parameters for topology generation can be justified,
as they are derived using the properties of the real-world networks and those properties of the
real networks can be slightly varied from one network to the other even within the same

network type according to the population distribution.

Similarly, the SSNG model parameters for assigning the electrical parameters can also be fine-
tuned. The assumptions for the demand factor can be changed achieve the branch flows which
will eventually give a similar selection of conductor cross sections to the generated networks,

similar to that of the test network.

However, fine-tuning the SSNG is not implemented as an in-built function to the model. It is a

heuristic approach at this stage of the development of SSNG.

5.6 Summary

A statistically-similar network generator (SSNG) for MV electricity distribution networks was
developed. The topological and electrical properties in real-world networks together with the
guidelines for distribution network planning and design are used in the development process of

the SSNG.

Statistically similar networks are generated in a hierarchical way. Algorithms are developed;
first, to generate realistic topologies of distribution networks and then, to assign realistic

electrical parameters to the network topologies.
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The validation of the SSNG showed that the tool is capable of generating ensembles of
statistically-similar networks which resemble the real-world networks in terms of a set of

topological and electrical properties.

It has been identified that the population density parameter within the same type of networks
has an impact of the detailed topological and electrical properties of the networks. The SSNG
model parameters can be fine-tuned to improve the representativeness of the networks to the

real-world networks.
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Chapter 6: Case study- Impact assessment of Soft
Open Points on distribution networks

The work presented in this Chapter is a collaboration with Miss. Qi Qi of Cardiff

University, School of Engineering, UK.

6.1 Introduction

With a high penetration of intermittent DG and flexible demand presents in the distribution
networks, there is a possibility that some parts of the network become heavily loaded at certain
time of a day and lightly loaded at other times. This, in turn, leads to high power losses, increased
peak currents and undesirable over-voltage issues in the distribution networks [83]. The use of

power electronic devices provides alternative solutions to overcome these challenges [84], [85].

e Anintroduction to the Soft Open Points (SOP)

Soft Open Point (SOP) is a power electronic device installed in place of a normally open or
normally closed point in a distribution network [86]. Normally Open Points (NOPs) are built,
connecting adjacent feeders, to provide alternative routes of electricity supply in case of

planned or unplanned power outages [87].

Instead of simply opening/closing NOPs, SOPs control load transfer and regulate network
voltage profile by flexibly controlling active/reactive power flow between adjacent feeders.
Immediate fault isolation between interconnected feeders as well as fast supply restoration is

also enabled using these devices. Therefore, SOPs are able to improve distribution network
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operation as well as facilitate a large penetration of low carbon technologies into the

distribution network [86].

e A literature review of research studies on SOPs

A number of previous studies have investigated the benefits of SOPs for distribution network
operation [83], [86], [88], [89], [90], [91]. This previous research on SOP has mainly focused on
one or few of the following aspects: (i) development of control strategies for SOP; (ii)
minimization of network energy losses considering the influence and increase of DG; (iii) analysis
and quantification of benefits of SOP considering different objectives separately [92]. To the
best of the author's knowledge, all the previous studies on SOPs have been validated or tested

against one or few case study networks, such as IEEE 33 busbar network.

Therefore, these previous research studies leave the question mark of how applicable and

relevant the benefits of SOPs quantified by that specific study for the other real-world networks.

e Goals and novelty of the current research.

The overall benefits that can bring to the distribution network by the SOPs can be varied from
one network to the other. Therefore, it is important to test the SOP’s capability of bringing
advantages on many different distribution networks in order to provide broad and robust

conclusions about the benefits of SOPs on distribution networks.

As an initial step forward to address this research gap, a methodology for the investigation of
the SOP’s capability of bringing benefits to the distribution networks on many realistic

distribution networks is proposed in this chapter.
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An integrated tool for this purpose is developed by combining the SSNG which was presented in
the Chapter 5 of this thesis and the optimization framework that was proposed in the reference

[92], by Qi Qi of Cardiff University, UK.

The techniques of obtaining statistically meaningful results from a large number of networks,
about the SOP performances are demonstrated using a set of statistically similar networks. SOP

operation in the distribution networks at different penetration levels of the DGs are considered.

6.2 Statistical assessment tool for performance evaluation of SOP
on distribution networks.

This section describes the implementation of the integrated tool for SOP performance

evaluation on distribution networks. The integrated tool is referred to as the ‘Statistical

assessment tool for the performance evaluation of SOP on distribution networks’.

The mathematical model of the SOP used in a distribution network in this study is explained. The
details of the optimization framework that was proposed to improve the operation of a

distribution network with distributed generation and a SOP, are presented.

6.2.1 An overview of the integrated tool for SOP performance
evaluation

Figure 6.1 shows the simulation set up of the integrated tool for SOP performance evaluation. A
similar arrangement for the impact assessment of solar PV on the LV distribution networks is

presented in [93].

The steps of the simulation study are as follows. First, a realistic distribution network is
generated by the SSNG considering the user inputs of the network to be generated. A DG

penetration level is selected. Then DG sites are randomly distributed in the network and the
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capacities for the DGs are assigned according to the DG penetration level. The presence of only
one SOP per network is considered in this study. Then, the SOP performance evaluation model
(an optimisation algorithm) is executed to obtain the outcomes for the optimal capacity (kVA)
of SOP, optimal location of SOP and annual savings gained by using the SOP. The results are
recorded. Then another case is run with the same DG locations for the same distribution
network, but with a different DG penetration level. This is continued until the number of DG
penetration levels required for the SOP study has been completed. Then, another network is
generated by the SSNG and all the above steps are repeated until enough cases have been

generated to provide a meaningful spread of results.

Basic information Stastilr::;;ar“w

of the network to Generate a network Select DG

. networks » .
be created (i.e. to be analysed penetration level
user inputs) generator
(SSNG) » v
— Randomly distribute

DG units

Yes *

Run the SOP performance
evaluation model

v

Record the results

-~ e Optimal capacity of SOP
o //Another network to

? ~
Analyse? >

N e Optimal location of SOP

the statistics

/ Graph the
Q results and get

e Annual saving by using SOP

No

_—Another DG penetration
. leveltoanalyse?

Figure 6.1: Simulation setup of the statistical assessment tool for SOP performance
evaluation [93].

Different sets of user inputs regarding the networks that are required for the SOP study can be
given to the SSNG. However, in this chapter only one set of statistically-similar networks are

used for SOP performance evaluation.
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6.2.2 DG consideration in the distribution network models

This research is focused on evaluating the performances of SOPs in the distribution networks in
the presence of DGs. The details of the considerations made for DG allocation in the distribution

network models is explained in this section. The locations for the DG sites are chosen randomly.

Although there is no unified definition of DG penetration in the literature, this study follows the
commonly used one, which is the same as that in [86], [94]: DG penetration is the percentage of
total capacity of DG units over the maximum loading capacity of the network. For example, if a
distribution network is operating at its peak load with a DG penetration of 25%, then 75% of the

power will be coming from the transmission system.

In order to consider the intermittent characteristics of renewable generation outputs, a method
based on the Wasserstein distance was used to derive representative scenarios of DG outputs
from their probability density functions [95], [96]. Firstly, the probability density functions of
DGs were generated from historical data. Then the continuous distributions of DG outputs were
converted to discrete ones using the Wasserstein distance method, from where representative
operation scenarios of DGs over a certain period were generated. By using these representative
scenarios of DG operation, the computational burden of the optimization procedure (i.e.

optimisation to improve the operation of a distribution network with a SOP) can be reduced.

Assuming f(x) is the continuous probability density function of variable x, and is to be
converted into Ng discrete distributions, i.e. Ng representative scenarios. Each representative
scenario sce (sce = 1,2,...,N) and its corresponding probability ps.. can be obtained as

follows:
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sce sce—1 [+
f fO)Y2dx = f FO)Y?dx (6.1)
—00 ZNS —00
sce+(sce+1)
2
Psce = f(x)dx (6.2)

(sce—1)+sce
2
Specifically, the scenarios sce = 0 and sce = N, + 1 refer to the lower and upper limits of the
variable x. In this study x, refers to the renewable generation in the form of wind and PV. Since
Weibull distribution [97] and Beta distribution [98] are extensively used to describe the
probability density functions of wind speed and light intensity in the literature, they were
adopted for the generation of representative scenarios of wind and PV outputs over a year,

based on the Wasserstein distance method.

The wind speed and light intensity curves over a year as shown in Figure 6.2, and the consequent
probability density functions derived from these curves were obtained in [96]. The probability
density functions were then used with the Wasserstein distance method to derive five
representative scenarios of wind outputs (P,,;4), five representative scenarios of PV outputs
(Ppy), as well as their corresponding probabilities. From these scenarios, 25 combined scenarios

of annual DG operation, and their probabilities can be obtained, which are shown in Table 6.1.
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Figure 6.2: Wind speed and light intensity curves over a year.

Table 6.1: Representative scenarios and corresponding probabilities of DG outputs.

Pying Ppy
sce 1 sce 2 sce 3 sce 4 sce 5
0.09 0.29 0.49 0.72 0.91

scel O 0.018 0.0174 0.0173  0.0174 0.018
sce2 0.08 0.0916  0.0885 0.0882  0.0885  0.0915
sce3 0.32 0.0468  0.0452 0.0451  0.0452  0.0468
sce4 071 0.0268  0.0259  0.0258  0.0259  0.0268
sce5 1 0.021 0.0203  0.0203  0.0203  0.021

6.2.3 Mathematical model of SOP in distribution networks

A SOP can be implemented with different converter topologies. A back-to-back Voltage Source
Converter (VSC) based SOP was considered in this study. A schematic diagram of a distribution

network installed with an SOP is given in Figure 6.3 [92].
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Figure 6.3: A distribution network installed with an SOP [92].

Back-to-back VSCs can operate in four quadrants of the P-Q capability curve [91]. The reactive
power at both terminals of an SOP can be assigned independently to each other as required,
which makes the device capable to provide flexible reactive power compensation to the
network. In addition, the active power flow through an SOP can be controlled rapidly and

accurately.

To fully evaluate the potential effects of SOP on steady-state network operations, a
mathematical power injection model of SOP is used [91]. In this model, active and reactive
power injections at SOP terminals are integrated into the load flow algorithm without
considering the detailed design of converter controllers. The backward forward sweep method
was used for load flow calculations. Taking Feeder 1 in Figure 6.3 as an example, the load flow

is calculated by the following recursive equations [99]:

4

T;
Piy1 = Pi = Pioss(ii+1) — Proaaci+1) = P — WiE (P? + Q) = Piogai+1) (6.3)
l

x.
Qiy1=0; — Qloss(i,i+1) - Qload(i+1) =0Q; — |V'l|2 ' (Piz + le) - Qload(i+1) (6.4)
i
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2 2

e+ x;
Visa|? = Vi + l|V,|zl C(PE+QF) =2 (P +xQ) i€{12. Ny}  (65)
L

where, P; and Q; are the active and reactive power flowing from bus i to bus i + 1. P;444(;) and
Qioaa(i) are the active and reactive power demand at bus i. Pjyss(ii+1) and Qposs(ii+1) are the
power losses within the branch connecting buses i and i + 1, and 7; and x; are the resistance
and reactance of that branch. V; is the voltage at bus i. N, is the total number of buses in a

network.

The operational boundaries of a back-back VSC-based SOP are:

Pey = Pp - Ploss(p,Cl) (6-6)

Pe, = Pq - Ploss(q,CZ) (6-7)

where, Pciand P, are the active power flows of each VSC. Pjyg5(p, c1) is the power loss between

bus p and VSC 1, and Pjys5(q,c2) is the power loss between bus g and VSC 2.

Although the operation efficiency of back-back VSCs is sufficiently high, they inevitably produce
losses when there is a large-scale transfer of active power. Therefore, a loss coefficient 7 is
considered in the model. The constraint of active power exchange between the two converters

is described below:

Py + Pey +MPey + P =0 (6.8)

The reactive power outputs of the two converters are independent of each other because of the

DC isolation and should satisfy their own capacity constraints:
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,/Pgl + Q¢ < Ssop (6.9)
,/P(?z +Q%, < Ssop (6. 10)

where, Q1, and Q. are the reactive power output of each converter, and Sg,p is the capacity

of an SOP.

The relationship between the capacity and location of an SOP is:
Ssop = 7nSmodule(1 - bi,j) (6.11)

where, the capacity of an SOP equals to the summation of the module capacity it consists of,
where Sp04ute 1S the minimum capacity of the basic power electronic module in an SOP. The
binary variable b; ; indicates if the branch between buses i and j is equipped with an SOP. For

instance, bi’j = 0 means an SOP is installed that branch.

Generally, the AC side of an SOP can be controlled in either PV mode or PQ mode. In this study
the latter was considered. By choosing the optimal capacity, location and set-points of an SOP,
power flows within a network can be controlled actively. Therefore, specific operational

objectives can be achieved.

6.2.4 SOP performance evaluation model

The SOP performance evaluation model is formulated as an optimisation problem, where the
annual cost of a distribution network with a SOP and different penetration levels of DGs is

subjected to minimise.
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e Problem formulation

The annual cost of a distribution network was taken as the objective function of the optimisation

problem and formulated as follows:
MInF = Cipy + Cope + Cioss (6.12)

The annual cost consists of the following three parts:

(i) Investment cost of SOP:

_ rinv(l + rinv)y

Ciny =—————— S,
i = o, W — 1 Csoposop

(6.13)

where, 13, is the discount factor for the investment cost of SOP, y is the device economical

service time, csop is the investment cost per unit capacity of an SOP.

(i) Operational cost of SOP
Cope = TopeCsopSsop (6.14)
where, 15, is the discount factor for the operational cost of SOP.

(iii) Annual energy loss cost of a distribution network:

Ng

Closs = 8760 - Cele Z (Ploss,sce + nPCI,sce + nPCZ,sce) * Psce (6'15)

sce=1
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where ¢, is the electricity price per kWh. N; is the set of all scenarios considered over a year,
and pgce is the probability corresponding to scenario sce. Pjyg sce is the power loss of the
network per unit time at scenario sce. P¢q e and P, o are the active power exchanged

through the converters of an SOP at scenario sce.

In addition to the operational constraints of SOP, the following limits were also considered:

(i) Bus Voltage Limits

Vmin < V| S VM € {1,2, ..., Ny} (6.16)

(i) Branch Capacity Limits

L] < Ik e€{1,2,..,Nprancrn} (6.17)

where, I;]*** is the maximum allowed current of branch k.

e Optimization framework

During the optimization process, the active and reactive power outputs of an SOP during each
representative scenario, as well as the capacity and location of the SOP were taken as decision
variables. Decision variables are a set of quantities that need to be determined in order to solve
the problem. Their values are searched and identified in the optimization model in order to

obtain the optimal value of the objective function.

An integrated optimization method proposed in the reference [92], was used to determine the
optimal allocation of SOP by considering the values obtained for the decision variables. This

method integrates both global and local search techniques, where Particle Swarm Optimization
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(PSO) [100] is adopted to explore the solution space globally. A local search technique, namely
the Taxi-cab method [101], is used for solution space exploitation, which refines the quality of
solutions searched by PSO in each iteration, overcoming the drawback of PSO in local optima
trapping. Therefore, the search capability of the integrated optimization method has enhanced

search capability compared to the conventional PSO algorithm.

After identifying the optimal solution, the annual cost savings obtained by the SOP is calculated

as follows,
Fref _ FSOP
Annual Cost Saving(%) = et X 100%
(6.18)
Cref _ C.SOP + CSOP + CSOP
— loss ( inv ope loss /) | 100%
Cref
loss

Fref is the annual cost of the distribution network in the reference case, where no SOP is

installed. FSOP is the annual cost of the distribution network with one SOP installed and CFef,

stands for the annual energy loss cost of the distribution network in the reference case, where

no SOP is installed.

6.3 Case study

The statistical assessment tool proposed for SOP performance evaluation in Section 6.2, is used
to construct a case study. A set of statistically-similar distribution networks are tested for their

performance with a SOP and different DG penetration levels.

6.3.1 Description of the test cases

e Input parameters given to the SSNG
The set of input parameters that are given to the SSNG in this case study, are shown in Table 6.2
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Table 6.2: The set of input parameters given to the SSNG.

Parameter Value
Network Type Sub-urban
Voltage level of the network 10kV
Number of nodes 250
Number of outgoing feeders from the main 7
transformer

Capacity of the main transformer 20 MVA

Number of statistically-similar networks 30
required for the study

e Outputs generated from the SSNG

Each statistically-similar distribution network model generated by the SSNG have several output
files. The output file ‘Branch matrix’, B includes the connectivity of nodes (buses) in the network,
branch impedances and current rating of the conductors used in the branches. Secondary
substations matrix, SS gives the installed capacities of the secondary substations connected to
the nodes (buses) in the network. Buses and branches that belong to the trunk lines of each

separate feeders of a distribution network models are also given as an output file from the SSNG.

o Assumptions made for modelling the consumer load in the distribution
networks

The optimisation model for the SOP performance evaluation, takes into account the consumer
load information of the network. The optimisation model is run for a period of one year.
However, the SSNG is only capable of providing the information of the distribution of installed
capacities of secondary substations in the network models. Time variant load profiles are not

generated by the SSNG.

Therefore, in order to model the consumer loads in the distribution networks models, the

following assumptions are made. The nodes where the secondary substations are connected,

167



are considered as the load nodes of the distribution network models. A fraction equals to 0.6 of
the installed capacities of secondary substations is considered as the instantaneous load
connected to the corresponding node at any time of the year. It is also assumed that the all the

loads are operating at a power factor of 0.85.

¢ DG consideration in the distribution networks

DG sites are allocated randomly in each network. All DGs were assumed to operate at unity
power factor. Since the installed capacity of DGs is related to their penetration levels, in this

study, DG penetrations from 0 to 100% with an increment of 20% are considered.

e SOP information

The consideration of the range of candidate SOP capacities was from 500 kVA to 2500 kVA. End
nodes of the trunk lines of each main feeder of the distribution networks are considered as
candidate points for SOP installation. Out of all such candidate locations for SOPs, the
optimisation algorithm selects the best location for a SOP for each network to satisfy the

objective of the study.

e Parameters used in the optimisation

Parameters related to the investment and operational costs of SOP used in the optimisation

problem, are listed in Table 6.3.

Table 6.3: Parameters selected for the case studies.

Parameters Value
loss coefficient: n [102] 0.02
module capacity: S,,,0qute (KVA) 100
economical service time: y (year) 20
discount factor: 7'y, T'gpe 0.08, 0.01
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investment cost per unit capacity: 230
csop (£/KVA) [103], [104]

electricity price: c.;. (E/kWh) 0.12

6.3.2 Results and discussion

The box-whisker plot representations of the topological and electrical properties of the 30

networks generated by the SSNG are shown in Figure 6.4.

From the box-whiskers plots in Figure 6.4, it can be observed that the networks generated by
the SSNG share very close topological and electrical properties making them statistically-similar
to each other. However, these networks have different network layouts and any of that is a

possible realisation of a real distribution network.

The difference in the network layouts with the random integration of the DGs can lead to

different performances of the statistically-similar networks.

Under each DG penetration level, for each network, the annual network costs, network
performances (E.g. maximum and minimum bus voltages recorded over a year, maximum
branch loading recorded over a year) and the maximum allowable DG penetration of the
network before any limits being breached are obtained for the cases without SOP and with SOP

operation in the networks.
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Figure 6.4: Topological and electrical properties of 30 networks generated by the SSNG.
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e Annual costs of distribution networks with and without SOP

The annual costs of the 30 statistically-similar distribution networks under different DG
penetration levels are compared for the cases of with and without SOP in the networks. Figure
6.5 shows the comparison of the annual costs using a box plot representation. Networks with
high DG penetrations are more vulnerable to encounter voltage and thermal issues. Therefore,

only the results of the networks without constraints violations are used for the representation.
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Figure 6.5: Annual costs of 30 statistically-similar distribution networks, with and without
SOP, for different DG penetration levels.

From Figure 6.5 it can be observed that for the both cases (i.e. with and without the SOP), with
anincreasing penetration levels of DGs initially the network annual costs has reduced. However,
later when the DG penetration levels continues to increase the annual costs have started to
increase. This variation of the annual costs of networks with different DG penetration levels can

be explained using the energy losses occur in the networks.
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For the cases without SOP, the annual costs of the networks are purely defined by the energy
losses occur in the networks. For the cases with SOP, in addition to the cost of energy losses the
investment and operational costs of the SOPs are also involved in calculating the annual costs of
the networks. With reverse power flows being introduced by the DGs, for lower DG penetration
levels the overloading of some of the feeders can be reduced. This can lead to reduced energy
losses and hence reduced network costs can be observed. However, with higher DG penetration
levels, DG can also introduce overloading for some of the feeders in the networks. This leads to

higher energy losses and hence higher annual costs are observed for high DG penetration levels.

It can be clearly observed from Figure 6.5, that the annual costs of networks with SOP is always

less than those of the cases without using SOP, for all the DG penetration levels.

e Annual savings brought by using a SOP in distribution networks
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Figure 6.6: Annual costs savings brought by SOP for 30 statistically-similar networks under
different DG penetration levels. The outliers are plotted using the ‘+’ (red) cross marks.

The annual savings brought by the SOPs for the distribution networks with different DG

penetration levels are calculated using Equation (6.18). The statistics of the 30 statistically-
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similar networks for the annual savings are represented by box plots shown in the Figure 6.6.
Mean value of the annual cost savings for each DG penetration is shown by the ‘*” mark in each
box plot. According to Figure 6.6, with the increment of the DG penetration the annual cost

savings brought by the SOP has increased slowly.

The annual savings calculated in terms of a percentage (%), allow more general conclusions to
be made about the cost benefits of SOPs. For the type of network that has been considered in
this study, with different network layouts and random DG locations the annual cost savings

brought by SOP is in the range of 10-20%, for a wide range of DG penetration from 0-100%.

e Comparison of network performances with and without SOP

The Minimum and maximum recorded voltages (p.u.) over a period of one year in the
statistically-similar distribution networks, with and without SOP for different DG penetration
levels are compared in Figure 6.7. Results of the networks without constraints violations are
presented here. lJittering has been introduced to the visualisation to prevent over-plotting in
statistical graphics (when visualising a large number of data points, jittering is used to add a little

random noise to the data in order to see the data points in a cloud more clearly) [105].

For very high DG penetration levels the number of data points observed in Figure 6.7 have been
reduced due to the voltage and thermal constraint violations of the networks. According to
Figure 6.7, with increasing DG penetration levels the maximum recorded voltages in the
networks have clearly increased for the cases without SOP. However, the maximum recorded
voltages in the networks have been reduced considerably in all DG penetration levels by using
SOPs. It can be also observed that the minimum recorded voltages in the networks have been

improved by using SOPs in all DG penetration levels. These observations prove that SOP is
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capable of providing voltage regulation in the selected type of distribution networks for a wide

range of DG penetration levels.
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Figure 6.7: The maximum and minimum bus voltages recorded over a year under different
DG penetration levels.

Next, the maximum branch loadings observed in the distribution networks for the cases of with
and without SOPs are compared. Maximum branch loading (%) for each branch of the network
is obtained by dividing the maximum power flow through a specific branch at a given time by

the maximum thermal capacity of that branch.

The maximum branch loadings recorded in each network over one year period of time is
considered. At first, two networks, which have great improvement in the allowable DG
penetration level without violating the voltage and thermal constraints are used for the
discussion. The two networks used for the results in Figure 6.8, allow a maximum of 100% DG
penetration level with a SOP whereas the maximum allowable penetration for those two

networks without a SOP is only 60%.
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In Figures 6.8(a) and 6.8(b) the red lines represent the maximum branch loadings without SOP
and blue lines represent the maximum branch loadings with SOP for a DG integration level of
100%. Green dashed line shows the margin of the branch overloading (i.e. 100% loading of a
branch). As seen from the figures SOP is capable of reducing the maximum loading of the

branches thus allowing more DG integration to the networks.
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Figure 6.8: Maximum branch loadings recorded over a year for the networks achieving great
improvements in DG integration by using SOPs.
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Figures 6.9(a) and 6.9(b) show the maximum branch loading recorded over a year, for two
networks achieving no improvements in DG integration when using SOPs. The maximum

allowable DG penetration level with and without SOP for these two networks is 80%.
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Figure 6.9: Maximum branch loadings recorded over a year for the networks achieving no
improvement in DG integration by using SOPs.

According to Figures 6.9(a) and 6.9(b) although there is no improvement of the maximum

allowable DG integration level by using a SOP, the branch loading of both networks has been

reduced by using SOPs.
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Therefore, it is evident from the results that the SOPs are capable of reducing the branch
loadings of the distribution networks. However, an improvement of the allowable DG
integration level cannot be always expected by using a SOP in the type of distribution networks
selected for this study. The network constraints that limit the DG integration is closely defined

by the factors such as, network layout, consumer load distribution and the locations of the DGs.

e Maximum allowable DG integration with and without SOP

The maximum allowable DG penetration levels of the 30 statistically-similar distribution
networks, for the cases of with and without SOPs, are shown using a box plot representation in
Figure 6.10. Average values of the maximum allowable DG penetration level with and without
SOP are shown using the “*’ marks within the corresponding box plot. Results show that SOPs
can facilitate further DG integration to the selected type of distribution networks. As a general
conclusion, for the selected type of distribution networks an average of 20% increment of the

DG integration level can be expected by using SOPs.
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Figure 6.10: Maximum allowable DG penetration levels of the 30 statistically-similar
networks with and without SOPs.
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e Required optimal capacity of the SOP.

The optimal capacities required for the SOPs for each network at different DG penetration levels
are shown in Figure 6.11. The number of dots shown for each DG penetration level in Figure 6.11
is not always equal to the number of networks tested. This is because, some networks violate
the voltage and thermal constraints at certain integration levels of DGs even with SOPs. The
average capacity of the SOP at each DG penetration level is marked using a red star within the

corresponding data cloud.

From the results it can be observed that, for a small DG penetration level of 20%, the required
capacity of the SOP is less than that of the DG integration level of 0%. This is due to the reduced
energy losses brought by small levels of DG integrations. However, for larger DG penetration
levels (i.e. DG penetration level >20%), the required capacities of SOPs have increased with the

DG penetration level.

From the results it can be concluded that, a SOP with the capacity under 2.5 MVA is always
sufficient for the type of distribution networks used for this study, for the DG integration levels

of 0-100%.
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* Average capacity of SOP at each DG penetration level
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Figure 6.11: Required optimal capacities of SOPs at different DG penetration levels of the 30
statistically-similar networks.

6.4 Summary

A network assessment tool for the evaluation of the benefits of SOPs on distribution networks
is proposed in this chapter. Using the proposed tool, the feasibility of performing a benefit

analysis of SOPs on a set of statistically-similar networks is presented.

Operation of SOPs in the distribution networks at different DG penetration levels is considered.
An optimisation problem which minimises the annual cost of the distribution network is solved
to obtain the optimum capacities of the SOPs at each DG penetration level of the distribution
network. The network performances, in terms of minimum and maximum recorded voltages and
maximum branch loadings are compared for the cases of without SOP and with SOP in the
networks. Maximum allowable DG penetration levels of the networks with and without SOPs

are also obtained.
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Results of the 30 statistically-similar networks showed that, for the type of distribution networks

used in this study,

(i) the annual cost of the distribution network with SOP is always less than cost of the
distribution networks without SOP. The annual cost savings that can obtain by using a
SOP in the distribution networks is around 10—20%;

(ii) with high penetration levels of DGs, over voltage and thermal overloading issues in the
networks are increased. SOPs are able to provide voltage and power flow controls to
reduce or even to eliminate these issues while facilitating further DG integration to the
networks;

(iii) by using a SOP, the maximum allowable DG penetration level in the networks is
increased approximately by a 20% with compared to the cases without SOPs; and

(iv) the required capacity of a SOP tends to increase for the higher DG penetration levels. A
SOP with a maximum capacity of 2.5 MVA is sufficient for the type of distribution

network under study, for a wide range of DG integration from 0 — 100%.
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Chapter 7: Conclusions and future work

This chapter provides an overview of the research undertaken, the conclusions and

recommendations for the future work.

7.1 Conclusions

The overall aim of this thesis is to develop a statistical assessment tool for electricity distribution

networks which can facilitate a large number of simulation studies on many realistic distribution

networks in order to come up with robust and generalised conclusions on impact studies of LCTs.

As parts of this thesis the following objectives were set out.

(ii)

(iii)

(iv)

(v)

To review existing literature on analysing statistical properties of power networks
and the available methods and tools for modelling the power networks.

To investigate the topological properties of real-world electricity distribution
networks.

To investigate the electrical properties of real-world electricity distribution
networks.

To develop a statistically similar networks generator (SSNG) for electricity
distribution networks.

To demonstrate the application of the SSNG tool to analyse the impacts of soft open

points on EDNs with variable levels of DG penetration.
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7.1.1 Review of impact studies of LCTs, statistical studies on power
networks and methods and tools for power network modelling.

The importance of robust decision making in the face of significant uncertainties in the electrical
power networks have been discussed. The different levels of decision stakes (operational,

strategic and policy level) in the power systems are discussed.

A review of the literature on the impact assessment studies of LCTs of the distribution networks

was conducted.

e |t has been identified that most of the previous studies on the impact analysis of various
LCTs were conducted on one or few case study networks. Results of those studies have
a limited applicability to the other networks making it difficult to arrive to generalised
conclusions.

e |t was recognised that one of the main reasons for using a case study or synthetic
networks in those research was limited accessibility to real-world network data.
Therefore, the requirement of a network modelling tools which can generate large

numbers of realistic distribution networks was identified.

A review on the previous research studies on analysing the statistical properties of the real-
world power networks and the available network modelling methods and tools for power

networks was undertaken.

e QOutcomes of the review showed that, most of the previous research on analysing the
topological and electrical properties of real world power networks was carried out in
the HV level of the power network and the studies carried out on the MV and LV

networks are very limited.
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7.1.2

Well-known complex network models have been used to model the HV power grid. The
structure of HV grids is different from that of MV and LV grids. The HV transmission and
sub-transmission is usually a meshed system, but distribution networks (MV and LV) are
mainly with radial structures. Therefore, the research findings in the HV network
analysis cannot be directly used in MV and LV networks.

A few fractal based network models have been developed to model the distribution
networks. However, some of these studies were supported by a limited set of real
network data or a limited set of properties of the real networks were analysed.

The lack of network modelling tools which can generate random-realistic
representations for electricity distribution networks has been identified.

The requirement of a comprehensive statistical investigation of the topological and
electrical structures of the electricity distribution networks in order to develop network

modelling tools for electricity distribution networks have been identified.

Investigation of topological properties of MV electricity
distribution networks

An investigation of the topological properties of the MV real-world networks was conducted

using network data collected from China, covering urban and sub-urban areas. Only radial

structures of the networks were considered in the study.

The motivations behind the topological investigation presented in this chapter were to find out

(i)

(ii)

the key topological properties that characterize the realistic nature of different
types of electricity distribution networks, and
a possible way to efficiently generate ensembles of random but realistic network

topologies similar to real electricity distribution networks.
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The techniques from complex networks analysis and graph theory were employed in the

investigation.

A novel approach to obtain depth-dependent topological properties has also been developed.

Results of the investigation of topological properties in real-world networks showed that,

e node degree and edge length related graph properties are fundamental in
characterizing the topological structures of radial type sub-urban and urban electricity
distribution networks; and

e depth dependent properties were able to better capture the topological features of
electricity networks at different depth levels of the networks. Results from the depth
dependent analysis showed that urban and sub-urban types of electricity distribution
networks have different graph related properties at different depth levels of the

networks.

7.1.3 Investigation of electrical properties of MV electricity distribution
networks

Electrical properties of real-world electricity distribution networks at the MV level were studied.
The same set of Chinese network data that was used in the topological investigation was used
for the study. The motivation of this study was to identify and quantify the key electrical

properties which will later be useful in network modelling.

A limited set of available data regarding the installed capacities of distribution substations and

the conductor cross sections of the distribution lines were used for the study.

A novel approach to obtain depth dependent electrical properties has also been developed.
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Results from the real-world network investigation showed that

e the substations capacities and the conductor cross sections are able to characterise the
electrical features of sub-urban and urban networks; and

e Kernel density PDFs which describe the distribution of secondary substation capacities
along the feeder lengths of the two types of networks have clear differences and reflects

the realistic consumer distributions of the two types of networks.

7.1.4 Development of the Statistically-Similar Networks Generator

A statistically-similar network generator (SSNG) for MV electricity distribution networks was
developed. The results from the investigations of topological and electrical properties of real-
world networks together with the guidelines for distribution network planning and design were

used in the development process of the SSNG. Therefore SSNG is a data driven tool.

The ability to generate statistically-similar many networks to a replicate one distribution

network is one of the key features of the SSNG.

The network generation was done in a hierarchical way. First, a realistic topology of a
distribution network was generated and then, realistic electrical parameters are assigned to the
network topology. This process was repeated to generate a large number of realistic distribution

networks.

The validation of the SSNG was done by comparing the topological and electrical properties of a
real-world test network with an ensemble of statistically-similar networks which were generated

to replicate the selected real-world test network.
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e The validation of the SSNG showed that, the SSNG tool is capable of generating
ensembles of statistically-similar networks which resemble the real-world networks in
terms of a set of topological and electrical properties.

e It has been identified that the population density parameter within the same type of
networks has an impact of the detailed topological and electrical properties of the
networks.

e The ability to fine-tune the SSNG model parameters to improve the representativeness

of the networks to the real-world networks was discussed.

7.1.5 Impact assessment of SOPs on distribution networks to increase
the DG penetration level.

A network assessment tool was developed by combining the SSNG tool and the SOP

performance evaluation model which was developed by Qi Qi of Cardiff University, UK.

The feasibility of performing a benefit analysis of SOPs on a set of statistically-similar networks
was presented by using the developed network assessment tool. The statistics of the results of
the generated set of networks was used to provide general conclusions about the type of the

networks used for the study.

Operation of SOPs in the distribution networks at different DG penetration levels was
considered. Maximum allowable DG penetration levels of the networks with and without SOPs

were also obtained.

Results of the set statistically-similar networks showed that, for the type of distribution

networks used in this study,
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e the annual cost of the distribution network with SOP is always less than cost of the
distribution networks without SOP. The annual cost savings that can obtain by using a
SOP in the distribution networks is around 10—20%;

e with high penetration levels of DGs, over voltage and thermal overloading issues in the
networks are increased. SOPs are able to provide voltage and power flow controls to
reduce or even to eliminate these issues while facilitating further DG integration to the
networks;

e by using a SOP, the maximum allowable DG penetration level in the networks is
increased approximately by a 20% with compared to the cases without SOPs, and

e the required capacity of a SOP tends to increase for the higher DG penetration levels. A
SOP with a maximum capacity of 2.5 MVA is sufficient for the type of distribution

network under study, for a wide range of DG integration from 0 — 100%.

7.2 Recommendations for future research

This research has provided the initial steps to a statistical platform where various network

studies can be carried out on many statistically-similar realistic test networks.

The statistical assessment tool presented in this thesis is developed for 10kV Chinese

distribution networks. SSNG tool can be further developed to enhance its performances.

The proposed future work includes,

e to conduct sensitivity analysis studies with different number of ‘depth levels’ in the
investigations of the depth dependent topological and electrical properties of electricity
distribution networks. The work presented in this thesis has not considered the impact

of using different number of ‘depth levels’ in the investigations of network properties
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and also in the development process of SSNG. Therefore, such sensitivity analysis will
help to figure out whether there is an impact of the number of ‘depth levels’ on the
accuracy and performance of the SSNG;

to conduct sensitivity analysis with different numbers of statistically-similar networks,
in order to identify the effect of the number of networks on the statistics of the results;
to incorporate real/realistic load profiles of domestic, industrial and commercial
consumers in to the load flow studies of statistically-similar networks. The case study of
SOPs presented in this thesis, assumes a fraction equals to 0.6 of the installed capacities
of secondary substations as the instantaneous load connected to the corresponding
node at any time of the year. This is a limitation of the present study;

to conduct impact assessment studies of various other LCTs such as solar PV and EV on
the electricity distribution networks using the developed tool. This will allow further
development of the statistical approach in conducting the research on many networks
and in providing generalised conclusions of the results;

to improve the SSNG tool with the real-world network data from different countries,
different areas (rural, urban) and from different voltage levels including the LV
networks. Also, the SSNG can be improved to generate both the radial and meshed type
network structures. This will allow SSNG to generate network models for a wide range
of real-world networks;

to improve the visualisation of the networks in order to provide better representations
of the real-world networks in terms of spatial structures. This will allow more constraint
to be involved in the network generation such as actual area of the network, when
producing realistic representations for the distribution networks. At the current stage
of the development of SSNG it does not take into account the spatial constraints of the

actual networks;
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to utilise the data available from GIS systems on the actual population distribution of
the consumer areas in the generation of networks. From the investigations of
topological and electrical properties of real world networks and it has been identified
that the distribution of the population has a very close relation with the network
properties, and

to extend the idea of this research for the other energy carrier networks such as gas and

heat distribution networks.
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Appendix A: An introduction to Kernel Density
Estimation

In statistics, kernel density estimation (KDE) is a non-parametric way to estimate the probability

density function of a random variable [76], [106].

A histogram is the simplest non-parametric density estimator. Kernel density estimates are
closely related to histograms. Therefore, the construction of histograms and kernel density
estimates can be compared to better understand the KDE. To construct a histogram, the interval
covered by the data values is divided into equal sub-intervals, known as “bins'. Every time, a data
value falls into a particular sub-interval, then a block, of size equal 1 by the bin width, is placed
on top of it. When a histogram is constructed, two main points are considered: the size of the
bins (the bin width) and the end points of the bins. Because of this bin count approach, the
histogram produces a discrete probability density function. This might be unsuitable for certain

applications, such as generating random numbers from a fitted distribution [106].

Unlike a histogram, which discretizes the data values into separate bins, the kernel distribution
builds the probability density function by creating an individual probability density curve for
each data value, then summing the smooth curves. This approach creates one smooth,
continuous probability density function for the data set [106]. Figure A.1 shows a comparison of
the histogram and kernel density estimate constructed using the same set of data shown in the

Table A.1.

Table A. 1: A test data set.

Data Sample Sample_1 | Sample_2 | Sample_3 | Sample_4 | Sample_5 | Sample_6
Value of the data 2 3 5 6 6 8
sample
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Figure A. 1: (a) Histogram of the selected test data set. (b) The kernel density estimate that was constructed using the same test data set.
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For any real values of x, the kernel density estimator's formula is given by,

1 < — x; (A1)
fu®) :EZK(JC )
= (A2)
K(x)—me 2

where, n is the sample size, K(.) is the kernel smoothing function and h is the bandwidth. The
kernel smoothing function defines the shape of the curve used to generate the pdf. For example,
Equation (A.2) shows a normal distribution as the kernel smoothing function. A range of kernel
smoothing functions are commonly used: uniform, triangular, biweight, triweight,

Epanechnikov, normal, and others.

The choice of bandwidth value h, controls how wide the probability mass is spread around a
point and hence, controls the smoothness of the resulting probability density curve. Therefore,
bandwidth selection bears danger of under or over smoothing of the resulting probability
density curve. Figure A.2 shows a comparison of kernel density estimates constructed using the
same data set in Table A.1, with different bandwidth selections of the selected (normal) kernel
smoothing function. According to the Figure A.2, for a ‘normal’ kernel smoothing function
with h = 2, has resulted in an over-smoothed kernel density estimate while h = 0.15 has

resulted in an under-smoothed kernel density estimate.

There are a great number of bandwidth selection techniques for kernel density estimator. The
integrated squared error and the mean integrated squared error have been widely used as the

optimality criterion to define the optimal bandwidth [107].
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